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Abstract  

At present, offshore wind farms are increasingly being developed in seismically active 

regions, leading to a need for methods to estimate earthquake-induced damage and losses. 

However, there are limited studies on the seismic fragility of offshore wind turbines, and a 

lack of a standardised vulnerability framework, which limits offshore windôs risk 

assessments. This research evaluates the applicability of existing research to conduct 

literature-based damage and loss estimation for fixed offshore wind turbines. 

To do so, a literature review was conducted to gather published seismic fragility functions 

relating PGA to the probability of exceeding a given damage state. Subsequently, two 

approaches to integrate the various curves were developed: a best curve method and a 

Bayesian inference model. Based on the derived component fragility functions, a Monte 

Carlo simulation framework was established, which allows for estimating the governing 

damage scenarios and expected loss ratios. Furthermore, to preliminarily validate the 

literature-based framework, a simplified 2D finite element model was developed. 

The results show that the best curve method gives reliable and logically ordered functions, 

while the Bayesian framework allows to quantify epistemic uncertainty, but in certain cases 

produced inconsistencies in the expected sequential order. The vulnerability framework 

successfully estimates the governing damage states depending on seismic intensity and 

estimates the expected preliminary loss ratios. Comparison with the finite element 

simulations shows good agreement with the literature-based predictions for medium and 

strong earthquakes. This demonstrates the ability of the proposed framework to capture the 

overall damage evolution with increasing hazard intensity despite the literature-based 

fragility information used.  

In summary, this research examines the applicability of existing seismic fragility studies for 

vulnerability assessments of fixed offshore wind turbines. In addition, the thesis highlights 

the key knowledge gaps and recommendations for improving the models for more reliable 

and practical models. 
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1 Introduction  

1.1 Background  

The world is facing the impacts of climate change, and to address it society is now moving 

towards a green economy. Renewable energy technology, especially solar and wind, has 

experienced significant growth and is projected to continue developing.  

In the case of offshore wind farms (OWFs), the combination of abundant wind resources and 

extensive areas available for infrastructure development has driven a substantial increase in 

deployment over the past decade (Nath and Haldar, 2025). However, as noted by Baskaran 

et al. (2025), the availability of optimal sites for green-economy assets is decreasing. This 

scarcity has contributed to the recent expansion of OWFs into seismically active regions 

worldwide (Akbarzadeh et al., 2025; Nath and Haldar, 2025; Jana et al., 2025). 

This shift directly impacts the insurance industry by offering new opportunities for asset 

insurance. Nevertheless, it also poses new challenges, especially determining premiums for 

protection against natural hazards. Due to the novelty of these technologies and the lack of 

historical exposure to extreme hazard events, there is limited information for insurers to set 

up their vulnerability and risk assessments (Baskaran et al., 2025).   

Currently, seismic design guidance is mainly provided by standards such as IEC 61400-1 

(International Electrotechnical Commission [IEC], 2019) and guidelines like those presented 

in DNV-RP-0585 (Det Norske Veritas [DNV], 2021), which do not provide minimum 

requirements for standard turbine classes. These provisions are largely adapted from 

existing civil and oil and gas standards and fail to account for the differences present with 

offshore wind turbines (OWT). Ioele et al. (2024) state that current guidelines do not 

correctly address the shorter design life of OWT compared to civil structures, the response 

in the vertical direction, the spatial ground motion correlation, and the role of damping. 

Moreover, there remains a significant lack of empirical data on the long-term performance of 

wind turbines subjected to seismic loading, further increasing the uncertainty (Bhattacharya 

et al., 2021). This highlights the complex challenge for the insurance industry, given the high 

variability and related uncertainty of the offshore environment, the intricate character of 

OWTs, and the complex nature of earthquakes.  

1.2 Problem Statement  

The increasing development of OWF in seismically active regions has created a need to 

better understand the consequences of earthquakes on OWT and the associated 

operational and financial impacts. However, the complex behaviour of OWTs and the large 

uncertainty in their performance make reliable loss estimation challenging. 

To quantify these uncertainties and estimate potential financial consequences, insurance 

companies rely on vulnerability assessments that relate earthquake intensity to expected 

damage and losses. Despite the growing research interest in the seismic behaviour of OWT, 

there is a need within the insurance sector for methods capable of improving the 
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understanding of earthquake-induced damage and its translation into operational and 

financial consequences. 

1.3 Research  Question and  Objective s 

Given the established problem, this thesis aims to address the following question:  

To what extent can existing seismic fragility studies be integrated to estimate 

earthquake -induced damage and losses of fixed offshore wind turbines?  

To answer this question, the following objectives are established: 

1. Compile and evaluate the available seismic fragility information for fixed offshore 

wind turbine components and configurations.  

2. Develop representative component-level fragility functions by integrating the 

available literature while accounting for uncertainty. 

3. Develop a framework that converts component-level fragility functions into turbine-

level damage states and loss estimates 

4. Evaluate the applicability of the developed framework by comparing the predictions 

with simulation results from a finite element model based on a representative 

offshore wind turbine configuration 

1.4 Scope 

This research focuses on earthquake-induced ground shaking affecting bottom-fixed OWT. 

Due to the literatureôs lack of assessments regarding floating configurations, only grounded 

systems are studied. Additionally, since the current literature mostly focuses on the fragility 

of 5 to 15 MW models, only turbines in this capacity range are considered. To assess 

distinct turbine configurations, the NREL 5 MW, the Danish Technical University (DTU) 10 

MW, and the International Energy Agency (IEA) 15 MW reference turbines are used. Despite 

being designed for research purposes, these models capture key geometric and structural 

characteristics of turbines used in the field. Additionally, their use allows for transparency, 

reproducibility, and consistency in the research.  

Furthermore, the study centres around components such as the foundation, tower, nacelle, 

and blades. For monopile-supported turbines, the foundation component includes the 

monopile and transition piece, while for jacket-supported turbines, it includes the piles, jacket 

structure, and the transition piece. The nacelle includes the most relevant subcomponents in 

the literature, namely: the generator, inverter, and electrical systems. The tower component 

is limited to the steel mast of the turbine, while the blade component considers only the rotor 

blades themselves.  

The thesis does not assess other smaller turbine components (i.e. gearbox, yaw 

mechanism, internal cabling, etc.) or other wind farm systems like substations or cables, as 

assessing their seismic fragility and vulnerability is time-consuming and challenging due to 

the limited availability of studies addressing these components.  
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Furthermore, other hazards linked to seismic activity, like tsunamis or submarine landslides, 

should be considered in future work only after the knowledge foundation is set by the 

findings of this work.  

The estimated losses are limited to the consequences associated with physical damage to 

the considered turbine components and are based only on their replacement material costs. 

Transportation, installation, and other logistical costs are not considered in the assessment. 
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2 Literature Review  

2.1 Seismic Response of Offshore Wind Turbines  

Currently, there are limited historical records to evaluate the performance of OWT under 

seismic effects (Bhattacharya et al., 2021), including only the 1986 North Palm Springs and 

2011 TǾhoku earthquakes (Katsanos et al., 2016). During these events, the damage was 

limited and led some experts to believe the earthquake damage of this technology is of low 

concern (Katsanos et al., 2016). Nevertheless, as wind farms are expanding towards more 

earthquake-prone regions, the effect of seismically induced ground shaking has garnered 

attention, and the literature suggests seismic excitation of the structure is the driving load 

case even when compared to other natural loads such as wind forces (Katsanos et al., 

2016).  

Earthquakes can cause a large variety of damage to OWTsô components, including fatigue 

damage, collapse of the support structure, failure of acceleration-sensitive devices such as 

the nacelle, and liquefaction-induced damage (Pan and He, 2025). Table 2.1 presents a 

comprehensive summary of the main failure mechanisms per turbine component due to 

earthquakes.  

 

Table 2.1: Seismic-induced failure mechanisms of the main components 

Components Failure 

Mechanism 

Description  

Tower Buckling and 

Collapse 

Seismic excitation generates large lateral 

inertial forces and bending moments in the 

slender, cantilever-type OWT tower. These 

demands cause high axial and bending stress 

in the tower wall and welded connections, 

which may exceed local stability limits and 

trigger local buckling, especially near the tower 

base. Progressive buckling reduces structural 

stiffness and load-carrying capacity, potentially 

leading to global instability and collapse under 

severe earthquake loading (Zhao et al., 2019; 

Katsanos et al., 2016; Kaynia, 2019). 

Permanent tilt Seismic events can cause permanent 

deformations, which increase loads and reduce 

blade-tower clearance. This increases the 

likelihood of collisions.  (Kaynia, 2019; 

Bhattacharya et al., 2022). 
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Foundation Tilting and high 

stresses 

 

Seismic-induced pore-pressure generation and 

soil liquefaction around foundations can cause 

excessive settlement and tilting of the 

foundation system. This can lead to increased 

stress exceeding service-condition levels. This 

can result in a reduction of the lateral, moment, 

and vertical load-carrying capacity of 

foundations (Kaynia, 2019; Bhattacharya et al., 

2022; Pan and He, 2025; Padr·n et al., 2022). 

Nacelle Elevated tower 

top 

accelerations 

Seismic excitation can significantly amplify 

accelerations from the ground to the tower top. 

High tower-top accelerations increase inertial 

forces acting on nacelle components. This can 

cause damage to anchoring systems and 

internal equipment such as the gearbox, 

generator, and braking systems. These effects 

can lead to serviceability exceedance, reduced 

operational lifetime, and partial or complete 

malfunction of the nacelle and rotor system 

(Kjßrlaug and Kaynia, 2015; Kaynia, 2019; 

Bhattacharya et al., 2021; Romero-S§nchez 

and Padr·n, 2024; Padr·n et al., 2022). 

Excessive tilt Earthquakes lead to excessive tilt of the tower 

and foundations, which could lead to high 

demands on the mechanical and control 

systems within the nacelle. Damage to said 

systems would result in repairs and downtime 

or complete malfunction (Khalil et al., 2025). 

Blades Tower-blade 

collision 

Seismic events can induce tower tilting and 

significant blade vibrations, which can lead to 

tower-blade collisions. This can considerably 

damage this turbine component (Kaynia, 2019; 

Bhattacharya et al., 2022; Huo et al., 2018). 

Fatigue loading Earthquakes, especially with long-period 

waves, can cause strong blade vibrations, 

leading to high cyclic stresses, fatigue, and 

reduced blade lifespan and efficiency (Huo et 

al., 2018; Naqash and Alam, 2025). Excessive 

foundation rotation can further increase blade 
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fatigue and decrease performance (Espa¶ol-

Espinel, 2025). 

 

Economic consequences evidently accompany the damage to the OWT. For instance, in the 

case of excessive tilting, the turbine would cease to work beyond repair and in turn, there 

would be a loss of the investment (Bhattacharya et al., 2022). In case the emergency brake 

is activated to avoid over-acceleration or a blade-tower collision, there would be a halt in the 

energy production, resulting in certain financial losses (Bhattacharya et al., 2022). If over-

acceleration of the rotor-nacelle assembly does happen, damage to electronics and gears 

would lead to high replacement costs and a large downtime, negatively impacting the energy 

production (Bhattacharya et al., 2021; Bhattacharya et al., 2022).  Increased fatigue loading 

on the blades would lead to a shorter lifespan, which would result in high replacement costs 

and business interruptions (Bhattacharya et al., 2022; Español-Espinel, 2025). 

2.2 Natural Catastrophe Risk Framework  

Natural hazard risk is understood as a relationship between the probability of an undesirable 

effect and a measure of the severity of that outcome (Porter, 2016). In turn, it is commonly 

represented as a combination of hazard, exposure, and vulnerability (Crichton, 1999). The 

hazard component refers to the probability and intensity of a natural hazard event, the 

exposure refers to the asset that can experience the undesirable effect, and vulnerability is 

related to the likelihood of consequences given an event of certain intensity (Porter, 2016; 

Charvet et al., 2017).   

According to Charvet et al. (2017), vulnerability assessment can be separated into direct and 

indirect methods. While direct assessments relate probable losses to intensity, the indirect 

method provides a more detailed framework for loss quantification, which first uses a fragility 

assessment to evaluate the likelihood of damage and then a loss model to link losses to a 

given level of damage. The two components, fragility assessments and loss models, are 

further explained in the following subsections.  

2.2.1 Fragility Assessment  

Fragility assessments form the first part of an indirect vulnerability assessment and focus on 

linking hazard intensity to the likelihood of damage. Fragility functions stand out as a crucial 

tool to establish said relationship, as they reduce the complex response of a structure to a 

probabilistic function relating hazard intensity and the probability of exceeding a specified 

damage state. This makes them a probabilistic and computationally efficient tool (Nath and 

Haldar, 2025; Jana et al., 2025).  

These curves consist of cumulative distribution functions which provide the exceedance 

probability of a specific damage state for a given intensity measure (Charvet et al., 2017; 

Akbarzadeh et al., 2025).  Seismic fragility functions are commonly expressed as lognormal 

distribution functions following (Akbarzadeh et al., 2025; Nath and Haldar, 2025):  
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Where: 

IM ï intensity measure 

DS ï damage state 

ū ï Standard normal cumulative distribution  

ɗ ï Median fragility value 

 ɓ ï Standard Deviation of the fragility function  

 

The median parameter (theta) represents the intensity measure at which 50% of the 

probability for a damage state is exceeded. The standard deviation or dispersion parameter 

(beta) is a measure to quantify the uncertainty and variability of the structural response.   

The intensity measure and damage state depend on the analysis carried out, and their 

selection is important. The damage state describes the severity of the damage in terms of 

engineering demand (response) parameters, and a damage scale comprises damage states 

that range from slight damage or operational interruption to complete failure (Asareh et al., 

2016).  For seismic fragility curves, several hazard intensity measures have been used, 

including spectral acceleration (Sa), peak ground acceleration (PGA), and peak ground 

displacement (PGD) (Nath and Haldar, 2025; Asareh et al., 2016). Despite not being the 

most effective hazard intensity measure for predicting damage, PGA is the most widely used 

measure due to the efficiency and practicality it offers (Nath and Haldar, 2025).  

Fragility assessments can be carried out considering either individual components or the 

entire system. The component approach assesses the damage of the main components of 

the structure, which gives it the advantage of providing a clearer idea of all the failure 

mechanisms that affect the system (Stefanidou and Kappos, 2023). Additionally, evaluating 

the components gives a better understanding of the different sources of vulnerability and 

their contribution to the overall damage.  

Fragility functions can be classified depending on the data collection process followed to 

develop them. These include empirical, analytical, expert-based, and hybrid data collection 

methods (Baskaran et al., 2025; Nath and Haldar, 2025).   Due to the lack of historical data 

on the seismic damage of OWT, numerical simulation is increasingly utilised (Charvet et al., 

2017; Nath and Haldar, 2025).  

2.2.2 Loss Models  

Once the fragility assessment establishes the probability of exceeding different damage 

states, loss models convert the damage state into consequences. These consequences 

represent the degree of an undesirable outcome and can be related to repair costs, loss of 

functionality (e.g. downtime or monetary value), life-safety impacts, and other undesirable 

effects (Porter, 2016).   
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Loss models can be developed from empirical data, numerical studies, expert judgement, or 

a combination (Rossetto et al., 2015).  For certain sectors like offshore wind, the lack of 

historical data on the damage can make the empirical approach difficult to follow (Nath and 

Haldar, 2025). Consequently, certain studies assume uniformly distributed loss ratios, which 

demonstrate the proportion of economic loss to the replacement cost of systems (Nath and 

Haldar, 2025; Cheng et al., 2023).  Nevertheless, these studies acknowledge the lack of 

historical data related to economic loss and loss ratios as a major limitation in the 

vulnerability analyses. 

2.3 Monte Carlo Simulation  

Monte Carlo simulation (MCS) is a method used to estimate an unknown result by 

repeatedly sampling random values from probability distributions (Raychaudhuri, 2008). 

Instead of providing a deterministic result, this method generates many possible realisations 

of a system, which makes it a widely used approach to quantify and propagate uncertainty 

(Zhang, 2020). Therefore, MCS is a popular tool in various fields such as natural sciences 

and engineering, where deterministic solutions are impractical as they do not adequately 

represent the uncertainties related to model inputs (Raychaudhuri, 2008).  

MCS follows a particular process. Firstly, the model randomly samples input parameters 

according to specific probability distributions. Each set of sampled inputs is treated as a 

deterministic scenario for which the model generates a particular output. Repeating this 

process thousands of times generates a distribution of the model outputs which describes 

the system's response (Zhang, 2020). From this distribution, important statistics can be 

obtained, such as probabilities and confidence intervals, which help understand the 

response and communicate results to relevant stakeholders (Hartono et al., 2025).  

According to Hartono et al. (2025), MCS can provide a practical alternative when traditional 

methods are difficult to implement and, in some cases, when computational resources are 

limited. Additionally, this method is particularly useful for analysing complex systems with 

multiple uncertain variables, as it allows the user to determine a range of potential outcomes 

and, in turn, to quantify the associated uncertainty (Hartono et al., 2025).  

Furthermore, this ability to evaluate the probability of negative consequences and account 

for uncertainty has made MCS a widely adopted tool in risk assessment. In contrast to 

deterministic methods, this approach allows for a more complete assessment of the risk 

scenarios and their respective probability of occurrence, which helps to make better risk 

management decisions (Hartono et al., 2025). Consequently, MCS is well suited for seismic 

vulnerability assessment, where there are several variables such as hazard intensity and 

structural capacity which have high uncertainty, and for which understanding the different 

likely damage scenarios is highly relevant.  

2.4 Bayesian Inference  

Bayesian inference is a statistical method for stating and updating beliefs (Liu and 

Wasserman, 2014) with the main aim of constructing a posterior distribution (Thrane and 

Talbot, 2025). The process involves fitting a probability model to data. Then the model yields 
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a probability distribution over the model's parameters and other quantities, such as 

predictions for new observations (Gelman et al., 2025). Bayesian inference provides an 

advantageous framework to fit models with complex, multiparameter and multilayered 

characteristics while quantifying uncertainty (Gelman et al., 2025).  This approach allows for 

a more comprehensive and intuitive understanding of statistical conclusions (Gelman et al., 

2025; OôHagan, 2004). Bayesian inference is widely used in several fields, such as image 

analysis and spatial epidemiology (OôHagan, 2004). In particular, this approach is commonly 

used as a framework to integrate information from different sources while accounting for 

uncertainty and variability between studies (Sutton and Abrams, 2001; Reis et al., 2023). 

This is especially useful when there are few sources or when there are considerable 

differences between the provided data (Reis et al., 2023; Röver et al., 2021) 

The process relies on Bayesô theorem, which conditions model parameters on the observed 

data to obtain a posterior distribution (Gelman et al., 2025).  The theorem states: 

 

ὴ—ȿὨ
ὒὨȿ—‏—

ὤ
ς 

 

Where: 

ὒὨȿ— ï likelihood function of the data  

ɗ ï set of model parameters 

d ï data associated with a measurement 

Z ï evidence or marginal likelihood  

 ï prior distribution of the model parameters —‏

ὴ—ȿὨ ï posterior distribution  

 

The evidence is a normalised factor that depends on both the likelihood and the prior 

distribution (Thrane and Talbot, 2025). The likelihood function is the link between the data 

and the parameters ɗ (Gelman et al., 2025) and must be chosen consistently with modelling 

assumptions (Thrane and Talbot, 2025). Therefore, Bayesian inference generally follows the 

following three steps (Liu and Wasserman, 2014): 

1. Decide on a probability distribution for the model parameters. This prior distribution 

should demonstrate the beliefs regarding the parameters before the data is even 

considered.  

2. Choose the likelihood function which conveys the link regarding the data given the 

model parameters.  

3. Considering the data, the beliefs are updated and the posterior distributions 

calculated. Inferences can be derived from the resulting distribution.  

Computing the posterior distribution analytically can become a highly complex endeavour 

(OôHagan, 2004). Specific tools such as Markov Chain Monte Carlo (MCMC) are used. 

These algorithms propose random draws of the model parameters in a way that accurately 
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guides the process towards the target posterior distribution (Gelman et al., 2025; OôHagan, 

2004).  

The advantages of Bayesian inference to address multiparameter problems are further 

enhanced using hierarchical Bayesian models. These multi-level models allow information to 

be shared across sources by assuming that source-specific parameters come from a 

common population distribution (Gelman et al., 2025; Thrane and Talbot, 2025; Liu and 

Wasserman, 2014). This structure introduces an additional level of parameters 

(hyperparameters) which describe the distribution of source-level parameters and reflect 

variability between sources (Gelman et al., 2025). This makes hierarchical Bayesian models 

highly useful to integrate information from various studies.  

2.5 Offshore Wind Turbine Seismic Fragility State of the Art  

Numerous studies have investigated the seismic fragility of OWTs using distinct numerical 

modelling, advanced dynamic analysis techniques, and probabilistic approaches. Significant 

variability exists in modelling assumptions, loading considerations, uncertainty treatment, 

and analysis methods. This chapter critically reviews the existing literature to establish the 

state of the art regarding seismic fragility of OWTs and address the first research objective.  

The focus is placed on the modelling approaches, loading considerations, fragility 

methodologies, uncertainty treatment, and the identified research gaps. It is important to 

note that, given the goal of the thesis (i.e. probabilistically combining the fragility functions to 

establish component-specific curves), only studies considering PGA as an intensity measure 

are considered (by using PGA, it is ensured the curves are comparable, while, for instance, 

using spectral acceleration might vary between studies since they use different natural 

periods).  

 

2.5.1 Structural Modelling  

The structural modelling of OWTs is a fundamental component of fragility assessments. The 

considered literature adopted finite element modelling techniques, with most studies 

representing structural components (i.e., tower and foundation) using nonlinear beam-

column elements. While some more complex configurations, such as using shell elements 

for certain components, have been done since 2010 (Nuta, 2010), it is usually not the 

preferred method. 

The rotor-nacelle assembly (RNA) is commonly simplified as a lumped mass located at the 

tower top and connected via different types of links. While some studies, like Chaudhari and 

Somala (2021), neglect inertial eccentricities of the nacelle, other studies, such as 

Akbarzadeh et al. (2025), use principles such as Steinerôs theorem to incorporate these 

aspects and provide more realism to the model.  While a simplified lumped mass model 

lowers computational costs, it is limited in capturing aerodynamic interactions and 

considering important blade aspects such as flexibility. While modelling the blades is rare in 

the existing literature, certain studies, such as Rashid and Sarkar (2021), have used shell 

elements to study this component.  
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Recent studies have explored more complex modelling techniques. For example, Du et al. 

(2026) employed 3D solid elements to model the entire structure. While 3D solid elements 

provide the most detailed analysis (i.e. providing better accuracy when calculating stress 

distributions and local failure mechanisms), they are computationally expensive (Viera et al., 

2025). This explains the trend towards shell and beam elements, which are simpler yet 

effective tools to predict responses. However, they might not be as accurate in the study of 

certain failure modes, such as buckling (Viera et al., 2025).    

Material nonlinearity is typically modelled using the GiuffréïMenegottoïPinto steel model 

with isotropic or kinematic hardening. Alternative formulations, such as the Ramberg-

Osgood model for cyclic loading, have been considered (Nath and Haldar, 2025).  

In general, despite certain recent studies tending towards more complex and realistic 

representations, simplified models remain predominant due to the computational efficiency 

provided.  

 

2.5.2 Soil - and Fluid -Structure Interaction Modelling  

Soil-structure interaction (SSI) plays a crucial role in the response of OWTs. Many studies 

opt for approaches based on spring formulations to represent soil behaviour.  For instance, 

Akbarzadeh et al. (2025), Mo et al. (2017), and Chaudhari et al. (2022), among others, adopt 

beam-on-nonlinear foundation (BNWF) approaches to capture SSI in a computationally 

efficient way.  

Since soil behaviour is inherently nonlinear, simplified models cannot reliably capture its 

response (Ngo and Kim, 2024). More advanced strategies include modelling the soil 

continuum using solid elements and constitutive plasticity models such as MohrïCoulomb 

(Rashid and Sarkar, 2021; Ngo and Kim, 2024; Jana et al., 2025) and DruckerïPrager (Ngo 

et al., 2024) to account for soil nonlinearity. The MohrïCoulomb model is widely used due to 

its simplicity and robustness, while the DruckerïPrager model provides a pressure-

dependent formulation (Jana et al., 2025; Ngo et al., 2024). As a result, these approaches 

allow for a more realistic representation of soil behaviour, particularly where plasticity and 

nonlinear soil response play a critical role. Additionally, these studies typically use surface-

to-surface contact formulations to represent the interaction between the foundation and the 

soil.  

Furthermore, some studies consider radiation damping through infinite boundary conditions 

(Ngo et al. 2022; Ngo et al. 2023) or dashpots (Pinto et al., 2026) to simulate waves exiting 

the domain without reflecting back into the model. However, many studies neglect SSI 

altogether (Nuta, 2010; Li et al., 2025; Tran et al., 2020), which would lead to an inaccurate 

estimation of structural response.  

Regarding fluid-structure interaction (FSI), most studies introduce hydrodynamic added 

mass to the structural system. Several studies assume the added mass as 80% of the 

submerged mass (Chaudhari and Somala, 2021; Chaudhari et al., 2022). By employing the 

added mass, the inertia effect of the surrounding water is considered, and more complex 

hydrodynamics are neglected.  
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Overall, there is a certain variability in SSI modelling methods, while for FSI, there is more 

homogeneity in the approaches. In general, most of the studies opt for simplified methods 

that allow for computational efficiency. 

2.5.3 Loading Considerations  

2.5.3.1 Earthquake Loading 

Seismic loading is typically represented using recorded or synthetic ground motion time 

histories. In general, studies employ a wide range of datasets, including near-field and far-

field records. In certain cases, these are scaled to match site-specific response spectra. For 

instance, Ngo and Kim (2024) scaled 16 records to a target spectrum for a site in Korea, Li 

et al. (2025) scaled ground motions to fit the spectrum of specific Chinese offshore 

conditions, and Rashid and Sarkar (2021) did it for the region of Gujarat in India. The 

number of records varies significantly from a few events to over 150, as used by Rashid and 

Sarkar (2021).  

While most studies employ real-life events from databases such as those from the Pacific 

Earthquake Engineering Research Centre (PEER) or the Japanese K-Net seismography 

network, there are several synthetically generated records used as well. For instance, Nuta 

(2010) used 7 simulated earthquakes scaled to match the target spectrum of an offshore 

location in Western Canada and Elias et al. (2025) synthetically generated stochastic 

earthquake records with CloughïPenzien as the target spectrum. Nevertheless, real records 

are the standard, with only around 23% of the consulted studies using synthetic records.  

Furthermore, some papers have looked into specific ground motion characteristics. For 

instance, studying the impact of pulse-like motions (Chaudhari and Somala, 2021; Wang et 

al., 2025), the directionality (Mo et al., 2021; Nath and Haldar, 2023; Purkait et al., 2025), 

and the hypocentre location (Chaudhari and Somala, 2021b; Wang et al., 2026), identify 

critical factors influencing OWT seismic fragility.  

2.5.3.2 Wind and Wave Loading 

There exists a large heterogeneity in the incorporation of wind and wave loading in the 

studies. While there is a large portion opting for the inclusion of these loads in a dynamic 

form, several studies treat them statically or neglect them altogether.   

Wind loading is typically modelled using wind fields generated based on the Kaimal 

spectrum, with several authors, including Mo et al. (2021), Wang et al. (2025), and Ngo et al. 

(2024), using blade element momentum theory to compute the aerodynamic forces. In the 

case that the wind is treated statically, the standard logarithmic wind profile is used to 

describe how wind speed increases with height, with reference wind speeds at the hub 

ranging from 10 to 15 m/s.  

Wave loading is commonly modelled using the Morison equation. While several papers use 

the JONSWAP spectrum (Akbarzadeh et al., 2025; Mo et al., 2017; Hemmati et al., 2019), 

only Wang et al. (2025) opted for the Pierson-Moskowitz. It is important to note that while 

these methods provide practical ways to estimate wave forces, they are only applicable to 

specific situations (i.e. fetch-limited and fully developed seas, respectively).  
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In conclusion, there is a large variability in the environmental loads considered per study and 

how they are treated and calculated. As with structural modelling, the incorporation remains 

somewhat simplistic.  

2.5.3.3 Effects of Multi-Hazards and Other Aspects 

The interaction between seismic, wind, and wave loads has been established in several of 

the studies as a critical factor affecting the vulnerability of OWT. Mo et al. (2017) found that 

wind and wave load significantly influence seismic response, especially during normal 

operational conditions. Similarly, Wang et al. (2025) showed that thrust forces during 

operation increase the possibility of damage, while Li et al. (2025) established that wind 

loads have a relevant impact on OWT when subject to earthquakes. However, the latter also 

made clear that wind and earthquakes are not likely to lead to permanent structural damage, 

and the influence of hydrodynamic pressure is negligible.  

Furthermore, Akbarzadeh et al. (2025), Pinto et al. (2026), and Ngo et al. (2023) found an 

increase in vulnerability under scour conditions. Similarly, Jana et al. (2025) highlighted the 

significant increase in the possibility of damage due to soil liquefaction.  

These studies highlight the impact of environmental conditions and load on the fragility of 

OWT. The varying conclusions across studies indicate how complex interactions are and 

how they are not yet fully understood. Further research is needed to deepen the 

understanding of the effects, and any future fragility study should consider multi-hazard 

interactions to realistically consider the vulnerability of the system. 

2.5.4 Fragility Analysis Methodologies  

Incremental Dynamic Analysis (IDA) is the most widely used method for seismic fragility 

assessment seen in the literature. This method implies the progressive increase of scaled 

ground motion intensity until a failure criterion is reached, evaluating the response across 

different intensity levels. The main limitation of IDA is the high computational effort 

(Akbarzadeh et al., 2025) 

Other methods, such as Cloud-Based Analysis (CA) and Multi-Stripe Analysis (MSA), were 

employed. CA uses unscaled ground motions combined with regression techniques. Despite 

being more computationally efficient, this methodôs accuracy is dependent on the 

appropriate selection of the acceleration time-history set (Akbarzadeh et al., 2025). MSA 

groups earthquake motions by their intensity level (stripes), and every stripe contains 

several ground-motion records scaled to that same intensity. By analysing multiple stripes, 

the structural response at several discrete intensity levels is obtained (Li et al., 2025). 

Recent studies, such as Du et al. (2026), implemented more advanced machine learning for 

the fragility assessment. Despite these advancements, IDA remains the standard method 

due to its usefulness and academic acceptance.  

2.5.5 Treatment of Uncertainty  

Uncertainty is an understudied aspect in the literature concerning the seismic fragility of 

OWTs. While most studies account for record-to-record variability through the inclusion of 

multiple ground motion records, they rarely extend the analysis further.  
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Some incorporations of additional uncertainty sources are present. For example, Mo et al. 

(2021) included wind and wave variability, using Monte Carlo simulation, while Ngo et al. 

(2023) applied a probabilistic approach to calculate the occurrence probability of scour depth 

and earthquake events. Furthermore, Latin Hypercube Sampling has been employed to 

account for the randomness of load combinations and earthquake random initiation (Wang 

et al., 2025), while a copula mechanism was used by Wang et al. (2026) in the reliability 

assessment.  

Nevertheless, uncertainty related to modelling assumptions, soil properties, or structural 

parameters is neglected.  

2.5.6 Turbine and Foundation Models  

In terms of turbine models, there is a clear tendency to use the NREL 5MW reference 

turbine. Jana et al. (2025) and Nath and Haldar (2025) compared the DTU 10MW and IEA 

15MW turbines with the NREL 5MW turbine, while Purkait et al. (2025) and Nath and Haldar 

(2023) focused only on the DTU 10MW. The overwhelming use of reference models could 

be explained by the fact that they provide a standardised, open-source, and academically 

accepted framework. This allows for easier validation of models and comparability within the 

field. 

Some other non-reference models have been employed. Primarily, a bespoke 5.5MW 

turbine, which is possibly based on the WinDS5500 (Ngo et al., 2024; Ngo and Kim, 2024; 

Ngo et al., 2023; Ngo et al., 2022). Additionally, Nuta (2010) employed the Vestas V82-

1.65MW turbine.  

Regarding foundation systems, monopiles are by far the most frequently studied. Several 

studies have considered three- and four-legged jacket foundations. Less common yet 

present in the literature are suction buckets (SB), which are considered in pentapod (Ngo et 

al., 2024; Ngo and Kim, 2024; Ngo et al., 2023; Ngo et al., 2022) and tripod (Ngo et al., 

2022) configurations. According to Meng et al. (2025), monopiles are the simplest and most 

widely used, which explains their common use in the literature.  

Overall, the studies mainly focus on the NREL 5MW monopile turbine configuration. While 

some variations in the turbines and foundations exist, they are limited in comparison.  

2.5.7 Literature Damage States Definition  

Damage states in OWT seismic fragility studies are typically defined based on displacement, 

rotation, and stress criteria. The most common engineering thresholds include tower top 

displacement of 1.25% of tower height (1.25%H), 0.5º top tower rotation, 2.5º top tower 

rotation, 0.5º mudline rotation, and yielding or buckling of structural components (e.g. Mo et 

al., 2017; Nath and Haldar, 2025; Chaudhari et al., 2022; Pinto et al., 2026). However, some 

studies which focused on specific components or aspects preferred other indicators, such as 

a suction bucket top displacement of 38mm (Ngo et al., 2022) or nacelle acceleration 

ranging from 7.5 to 17.5 m/s (Hemmati et al., 2019).  

These damage states are often derived from standards such as DNV-OS-J101 (DNV, 2014), 

DNVGL-ST-0126 (DNV-GL, 2018), and EN1993-1-6 Eurocode 3 (European Committee for 

Standardisation [CEN], 2007). For instance, the 0.5º mudline rotation comes from DNV-OS-
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J101, while the calculations for yielding and buckling are based on Eurocode 3. However, 

others are based on results or assumptions from previous studies. For example, the limit of 

0.5º top tower rotation is based on the limit of mudline rotation from DNV-OS-J101 and is 

also assumed to be applicable for the top tower by Ali et al. (2019), since in this paper the 

tower and monopile are modelled as a continuum. Similarly, 1.25%H is assumed by Asareh 

et al. (2016) as a limit for seismic emergency shutdown for onshore wind turbines, and this 

assumption has subsequently been widely adopted in later studies of the fragility 

assessments of OWT. Finally, some thresholds, such as 2.5º top tower rotation, are based 

on turbine specifications established by Jonkman et al. (2009) and Bak et al. (2013) for the 

NREL 5MW and DTU 10MW reference turbines, respectively. 

In general, significant variability exists in the selection and definition of damage states 

across studies.  

2.5.8 ¾ƈƍĝĽġƀат?ġŹġřĝġřėġт 

It is important to acknowledge that some studies are not fully independent. Instead, there is 

a degree of overlap in certain aspects, like modelling approaches and input data, which 

introduces limited breadth of coverage and reinforcing of specific observations. 

The literature review revealed several subgroups of studies with potential dependence. For 

example, the studies carried out by Mo et al. (2017) and Mo et al. (2021) are directly related, 

with the latter building upon the 2017 study by expanding the set of ground motion records 

and extending the analysis framework, while maintaining similar modelling assumptions and 

methodologies.  

Studies such as Purkait et al. (2025) and Nath and Haldar (2023) have also partially drawn 

from Mo et al. (2021) but focus on the effect of ground motion directionality. For instance, in 

the records and damage states used or the methodology to evaluate different incidence 

angles.  While the studies evaluate different foundations and turbine types, with differing 

levels of detail (i.e. the amount of damage states and operational conditions), there is still a 

certain overlap between the papers.  

An additional source of dependence may come from the use of similar ground motion record 

sets. Mo et al. (2021) build upon the records from Mo et al. (2017), while Nath and Haldar 

(2025) and Purkait et al. (2025) use smaller subsets derived from the same pool. As a result, 

despite differences in sample size, these studies are based on closely related seismic data, 

which reduces the independence of the reported fragility results. 

Further overlap is observed in groups of studies conducted by the same authors or research 

teams. For instance, the studies by Chaudhari and Somala in 2021 and Chaudhari et al. in 

2022 employ the same reference turbine, similar modelling strategies, and consistent 

analysis methods across multiple publications. The studies mostly differ in the type of 

seismic phenomena investigated (e.g., pulse-like motions or supershear ruptures). 

Similarly, the studies by Ngo et al. (2022), Ngo et al. (2023), Ngo et al. (2024), and Ngo and 

Kim (2024) also show progression with similar modelling assumptions, turbine 

configurations, and damage states. Although the papers published in 2024 show more detail 

in soil modelling, less focus on scour, and more focus on other components of the OWT (as 

opposed to a major focus on foundations in the earlier studies), it is clear that there are 
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certain dependencies between modelling and analysis frameworks. They especially centre 

on the 5.5MW turbine with suction bucket configuration.  

The presence of this overlap between studies implies that the compiled dataset does not 

represent fully independent samples of fragility results. In turn, combining these studies may 

lead to an overrepresentation of certain modelling assumptions, configurations, and seismic 

records. This reduces the diversity of data and can lead to certain bias when integrating the 

literature data.   

Nevertheless, while certain subgroups exhibit overlap, there is still a wide range of 

approaches and studies, with meaningful variations in turbine configurations, loading 

conditions, and levels of modelling and analytical detail. These differences partially mitigate 

the impact of dependence and still allow for a broader representation of OWT behaviour 

under seismic loading. 

2.5.9 Data Limitation  

One key limitation seen in the literature is linked to the availability and distribution of data 

across different turbine models, foundation types, and operational conditions. Meaning that 

for some turbine configurations and operational conditions, there might not be enough 

information to assess the damage of specific components.   
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Figure 2.1: Number of curves per component (a), operational state (b), turbine model (c), and foundation type (d)
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Figure 2.2: Number of Curves per Turbine-Foundation Configuration
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As shown in Figure 2.1-a, most of the available curves are related to the nacelle, tower, and 

foundation, while there are significantly fewer concerning blades. Additionally, the majority of 

the studies focus on turbines in operation, leading to only a limited number of functions 

addressing parked or idle operational states.  

Figure 2.1-c highlights a strong reliance on the NREL 5MW reference turbine. This model is 

studied substantially more, leading to more information across almost all components when 

compared to other models. In contrast, larger models such as the 10MW and 15MW turbines 

present clear deficiencies. For instance, there is limited information regarding the blade 

damage or severe damage of the foundation for these models. Other turbines, such as the 

bespoke 5.5MW and the Vestas 1.65MW, are even more limited, with neither having enough 

information to assess all components.  

As shown in Figure 2.1-d, there are also clear limitations when filtering the data based on 

foundation type, with the monopile being the most commonly used in the literature. While 

studies that used jackets and suction bucket foundations provide curves for several 

components, there are still clear deficiencies. For instance, blade damage is not addressed 

when using SB foundations, and similarly to jackets, there is no information concerning 

foundation instability.  

It is also important to note that when filtering the data based on turbine-foundation 

configuration, the shortage in data becomes more significant. As Figure 2.2 suggests, there 

are only three configurations for which there are enough curves addressing all components, 

namely the NREL 5MW monopile, NREL 5MW 4-legged jacket, and the DTU 10MW 4-

legged jacket. However, even if these studies have curves for all components, in certain 

cases, the curves only focus on a subset of damage levels, so other damage states cannot 

be assessed (e.g., there are only curves addressing foundation repairable damage, but not 

collapse). Even for the NREL 5MW monopile setup, there are still certain shortages since 

there is only a limited amount of data regarding the fragility functions of the nacelle 

subsystem failure. In addition, for larger models such as the 10 and 15MW turbines, there is 

more information concerning those with monopile foundations than with jacket foundations.  

Overall, these findings highlight that the current literature does not provide uniform coverage 

across configurations, components, and operational states. While the overall dataset is 

valuable for fragility assessment, it does not yet fully support an evaluation across all turbine 

models, foundation types, and operational conditions without relying on assumptions or 

proxy fragility functions in some cases. 

2.6 Research Gap 

This chapter has reviewed the current state of research on the seismic fragility of OWTs. 

Over the past decade, increasing attention has been devoted to this field, leading to several 

important findings. These include the influence of additional environmental loads, such as 

wind and waves, the role of site-specific conditions, including scour and liquefaction, and the 

impact of ground motion characteristics, such as directionality, on OWT fragility. 

Despite substantial progress in modelling techniques and fragility assessment methods, 

significant challenges remain in achieving consistent, comprehensive, and realistic analyses. 

There is a lack of standardised approaches to structural and hazard modelling. Furthermore, 

simplified methods and neglecting critical interactions remains common. Moreover, 
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uncertainties beyond ground motion variability are still overlooked. Additionally, there is a 

clear tendency to focus on the NREL 5MW monopile configuration. However, as the offshore 

wind sector moves towards higher depths and capacities, this configuration becomes less 

pertinent, which poses a major drawback. Furthermore, the literature review also highlights 

the limited available data regarding larger-capacity turbines, different foundation structures, 

and certain component damage mechanisms. This limits the completeness of current fragility 

assessments.  

Despite the increasing trend to study seismic fragility of OWTs, there appears to be no 

approach used to integrate the available information and account for the data limitations, 

study dependence, and between-study variability. Additionally, there are limited studies that 

employ the obtained fragility information to predict losses, which restricts the use of the 

literature for vulnerability assessments. 

Addressing these limitations is essential to improve the realistic and relevant understanding 

and assessment of seismic risk for offshore wind infrastructure in seismically active regions 

and to develop approaches to estimate earthquake-induced losses.  
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3  Methodology  

This chapter outlines the methodology adopted in this thesis. Sections 3.1 and 3.2 describe 

the development of the component fragility framework, including the extraction and 

processing of the collected data, the creation of the fragility database, and the 

implementation of the best curve and Bayesian inference models. Section 3.3 presents the 

vulnerability assessment framework, including the definition of damage states, the mapping 

of failure modes to damage states, the assignment of loss ratios, and the Monte Carlo 

simulation framework used to estimate the expected damage and loss ratio. Finally, Section 

3.4 describes the developed FE model in subsections 3.4.1 to 3.4.9, while addressing the 

validation, limitations, and the methodology adopted to compare the FE results with the 

literature-based framework, in subsections 3.4.10, 3.4.11, and 3.4.12, respectively.   

3.1 Fragility Database Development  

This section discusses the methodology followed to establish the first section of the thesis, 

from data collection to the final fragility data that is used.  

The overall process can be observed in Figure 3.1. As can be seen, a stepwise process was 

followed, which allowed to collect the relevant data, filtering it, and finally dividing it between 

turbine-foundation configurations. Each step is further explained in the following subsections.  

Figure 3.1: Filtering Process 
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3.1.1 Data Collection  

A comprehensive literature review was conducted to identify existing seismic fragility studies 

of bed-fixed OWTs. The review aimed to establish a large database of suitable fragility 

curves. To ensure a broad range of sources, multiple academic databases were consulted, 

including Google Scholar and ScienceDirect. Additionally, thorough searches were 

conducted using Google to capture grey literature which may not be covered in academic 

sites.  

Studies were screened based on their relevance to seismic fragility assessment of OWTs. 

The search resulted in an initial data set composed of 38 papers deemed suitable for further 

evaluation.  

3.1.2 Fragility Curve Parameter Extraction  

The main challenge identified during the review process was that most studies did not report 

the parameters which define their fragility functions. Instead, they only show the plotted 

curves. To address this, a digitisation approach was adopted to extract the relevant 

parameters from the studies.  

 

Figure 3.2: Curve Digitisation 

All relevant curves were digitised using WebPlotDigitizer (Automeris, 2024). For each curve, 

a minimum of 40 data points were plotted to ensure the subsequent parameter extraction 

was of sufficient resolution and accuracy in comparison with the original function. The 

digitised data were processed using a specifically developed Python script.  

Using the script, the digitised data was imported and cleaned to ensure consistency and 

validity. For instance, the probability values were constrained to an interval between 0 and 1, 

and the intensity measure values should be positive. Subsequently, an initial estimate of the 

fragility parameters was obtained using probit linearisation. These initial values were then 

refined using nonlinear least squares to determine the final parameters of the lognormal 

fragility function, namely the median capacity (theta) and the standard deviation (beta). 

The accuracy of the fitted curves was evaluated through visual inspection to confirm that the 

fitted function matched the digitised curves. Furthermore, the parameters reported by Mo et 

al. (2017) were compared to parameter values obtained through the digitisation procedure. 

This yielded differences of 0.2-0.3%, which are considered negligible. This validation 
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confirmed that the digitisation and fitting procedure provided reliable estimates for theta and 

beta.  

3.1.3 Selection of Suitable Intensity Measures  

The compiled studies employ different intensity measures, which made comparability 

difficult. From the 38 studies, 26 used Peak Ground Acceleration (PGA), while 9 employed 

spectral acceleration (SA). The remaining three were excluded due to incompatibilities with 

the rest, due to the use of Peak Ground Displacement, non-lognormal fragility formulations, 

and unclear damage state definitions.  

One key challenge related to the use of SA is that it depends on the structureôs natural 

period, making comparison difficult since authors reported different periods for the assessed 

turbines. Although SA can be converted to PGA by assuming an appropriate response 

spectrum, such a conversion would introduce additional assumptions and was considered 

beyond the scope of this thesis. In contrast, PGA provides a consistent and widely adopted 

measure. For this reason, only the 26 papers using PGA were used in further analysis, as it 

ensures a consistent and meaningful aggregation of fragility information. 

3.1.4 Initial Data Screening  

It is important to note that within studies, not all curves are suitable for inclusion in the 

dataset. To ensure comparability and relevance, certain curves were excluded from the data 

set. 

For instance, Hemmati et al. (2019) and Elias et al. (2025) evaluated the incorporation of 

damping systems. Since such systems alter the structural response of the structure and are 

not representative of the standard OWT configuration, those specific curves were excluded.   

Furthermore, some studies present many curves under varying conditions, such as Mo et al. 

(2021) and Ngo et al. (2024), which evaluated a large number of ground motion directions 

and wind speeds, respectively. Digitising every curve would have been impractical since it is 

a labour-intensive process, and the changes in the fragility curves between different ground 

motion directions or wind speed levels are modest and, in turn, provide limited additional 

information for the purpose of this thesis. Therefore, in these cases, only a representative 

subset was used. For instance, for Mo et al. (2021), only the curves representing uncertain 

ground motion direction were digitised since the study suggests these are the most realistic. 

For Ngo et al. (2024), only curves corresponding to minimum, intermediate, and maximum 

wind speeds were used since they represent the full range of investigated wind conditions.  

The curves derived by Pinto et al. (2026) for small scour depths present negligible 

differences and are difficult to differentiate when digitising, so this batch of curves was 

grouped into one representative curve.   

Curves derived using methodologies incompatible with the rest of the studies, such as Wang 

et al. (2026), using a copula method (which does not lead to a lognormal cumulative 

distribution function) or Elias et al. (2025) employing extremely small damage limits, were 

not digitised. 

Overall, these decisions were made to maintain a representative and consistent database 

while ensuring the digitisation effort remained manageable. 
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3.1.5 Quality Selection  

The literature review made it evident that there is considerable variability in methodologies 

and assumptions across studies. As a result, not all papers are of the same quality. In turn, a 

set of criteria was developed to assess the robustness and quality of the curves. 

The assessment framework was based on the methodology presented by Rossetto et al. 

(2014), which emphasises the need to consider not only the relevance of the selected 

fragility curves but also the reliability of the information and the methodology used to derive 

it. Rossetto et al. (2014) state that an accurate assessment of fragility is dependent certain 

factors such as an appropriate representation of ground motion, a sufficiently realistic 

structural model, and consistent damage state definitions. Neglecting or overly simplifying 

these factors reduces the reliability of the resulting fragility information. In turn, they 

proposed a rating system to help users select the appropriate fragility data. However, for this 

thesis, the original framework was modified to incorporate important characteristics related 

to OWT fragility studies. 

The selected criteria intend to evaluate the realism of the structural and environmental 

modelling, the treatment of uncertainties, the representation of the seismic input, the 

adopted analysis method, the definition of damage states, and the reproducibility of the 

study. The criteria can be seen in Table 3.1. Overall, the quality scoring framework combines 

the general quality assessment idea proposed by Rossetto et al. (2014) with criteria that are 

specific to the OWT fragility literature. 

The scores per category are meant to reflect the level of detail, thoroughness, and realism, 

with higher scores reflecting higher quality. For instance, nonlinear analyses were scored 

higher than linear analyses because they can capture structural damage progression, while 

coupled environmental loading received higher scores than seismic-only analyses because it 

more closely represents the real operational environment of OWT.  

 

Table 3.1: Quality Scoring System 

Category Score Requirement 

Structural Model 

3 Considers representative geometric and material 

characteristics (e.g. steel behaviour), includes key 

interactions in detail (e.g. SSI), and uses a nonlinear 3D 

model. 

2.5 Considers representative geometric and material 

characteristics, includes key interactions, and uses a 2D or 

1D nonlinear model. 

2 No consideration of representative geometric and material 

characteristics, or inclusion of key interactions, but uses a 

detailed 3D model. 

1.5  Either no representation of geometric or material 

characteristics, or it does not include key interactions, but 

uses a detailed 2D or 1D structural model or a proper 
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representation of characteristics and interactions, but a 

simplistic structural model. 

1 No representative of geometric or material characteristics, 

and it does not include key interactions and uses a simplified 

structural model. 

Environmental 

Loading 

3 Coupled dynamic loading considering seismic, wind, and 

wave loading. 

2.5 Includes dynamic seismic loading in combination with both 

wind and wave, and at least one of them is treated as 

dynamic. 

2 Includes dynamic seismic loading in combination with static 

wave and wind loads, or at least one of them treated 

dynamically and the other neglected. 

1.5 Includes dynamic seismic loading in combination with at least 

one other static load. 

1 Only includes seismic loading. 

Uncertainty 

Consideration 

3.5 Considers record-to-record variability with at least 40 records 

and utilises Monte Carlo or Latin hypercube sampling and 

includes other sources of uncertainty. 

3 Considers record-to-record variability with at least 40 records 

and utilises Monte Carlo or Latin hypercube sampling. 

2.5 Considers record-to-record variability through at least 40 

records and includes other sources of uncertainty or uses 

Monte Carlo or Latin hypercube sampling. 

2 Considers record-to-record variability with at least 40 records 

or 20 records and includes other sources of uncertainty or 

Monte Carlo or Latin hypercube sampling. 

1.5 Considers record-to-record variability with at least 20 records 

or fewer than 20 records but includes other sources of 

uncertainty or uses Monte Carlo or Latin hypercube sampling. 

1 Only considers record-to-record variability through fewer than 

20 records. 

Representation 

of ground 

motion 

2 Real records. 

1 Synthetic records. 

Analysis 

Method 

3 Nonlinear Dynamic Analysis. 

2 Linear Dynamic Analysis or Nonlinear Static Analysis. 

1 Linear Static Analysis. 
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Damage State 

Definition 

3 Mostly based on standards and codes related to OWT or 

structural capacity (e.g. steel yield strength or displacement 

based on pushover analysis). 

2 Mostly based on literature assumptions. 

1 Mostly based on the author's assumptions. 

Degree of 

Reproducibility 

3 Methodologically reproducible study with clear results. 

2 Only part of the methodology and results are clearly defined. 

1 Insufficient information regarding the methodology and results 

 

Rossetto et al. (2014) suggest that fragility data is classified as low quality if it receives the 

lowest score in two or more categories. However, due to the limited data for certain 

components and configurations, a less strict requirement was employed. Specifically, a 

curve is determined to be low quality if it has the lowest score in more than two categories. 

Applying this criterion to the dataset of 674 curves, 650 were classified as high quality and 

retained for further analysis, ensuring reliable and robust data.  

3.1.6 Configuration Division  

Since the database was made up of curves considering different types of turbines and 

foundations, a subdivision was carried out to avoid mixing different types (e.g. monopile and 

jacket foundations).  Based on the available information, the database was divided into the 

following configurations:  

 

- 5MW monopile 

- 10MW monopile  

- 15MW monopile 

- 5MW jacket 

- 10MW jacket  

- 15MW jacket 

While there are other turbine and foundation types in the database, these were not included 

because there is insufficient information to assess the fragility of their different components. 

Additionally, as discussed in the literature review section, there is a lack of information for 

turbines in idle or parked conditions. While there is substantial information regarding turbines 

in operation, more data is still needed. Some papers do not specify the operational state 

being studied, however, due to the shortage of data, these are assessed in conjunction with 

the studies addressing operational turbines. The number of curves per configuration can be 

seen in Figure 3.3. 

 

 



 

 

Figure 3.3: Number of curves at each filtering step 



 

 

3.1.7 Failure Mode Definitions  

Failure modes form the basis for the probabilistic framework developed for this thesis. They 

provide the link between seismic loading and the resulting operational and structural 

consequences.  To evaluate the response at the component level, a model was developed 

that accounts for different failure mechanisms associated with the four main components: 

tower, foundation, nacelle, and blades. This differentiation allows for capturing the nature 

and severity of damages. Additionally, sequentially organising the failure modes allows to 

simulate a realistic damage progression.  

Each failure mode is associated with a specific threshold, which represents the exceedance 

of a structural or operational limit. These thresholds come from the literature, as explained in 

the following sub-sections. They are used to construct the relationship between the 

probability of exceedance and seismic intensity.  The established thresholds per failure 

mode are seen in the following table. 

 

Table 3.2: Engineering Thresholds per Failure Mode for Monopile-supported Models 

Failure Modes 5MW Monopile 10MW Monopile 15MW Monopile References 

Nacelle 

Emergency 

Shutdown 

Top tower 

rotation of 0.5Á 

Top tower rotation 

of 0.25Á  

Top tower rotation 

of 0.25Á 

(De Risi et 

al., 2018; 

Asareh et 

al., 2016) 

Generator 

Failure 

Top tower 

acceleration of 

7.5 m/s2 

Top tower 

acceleration of 

5m/s2 (use the 

data from 

the10MW jacket) 

Top tower 

acceleration of 

5m/s2 (use the 

data from the 

15MW jacket) 

(Hemmati et 

al., 2019; 

Due¶as 

Osorio and 

Basu, 2008) 

Inverter Failure Top tower 

acceleration of 

12.5 m/s2 

Top tower 

acceleration of 

10m/s2 (use the 

value for 10MW 

jacket) 

Top tower 

acceleration of 

10m/s2 (use the 

value for 15MW 

jacket) 

(Hemmati et 

al., 2019; 

Due¶as 

Osorio and 

Basu, 2008) 
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Electrical 

System Failure 

Top tower 

acceleration of 

17.5 m/s2 

Top tower 

acceleration of 

15m/s2 (use the 

data from the 

10MW jacket) 

Top tower 

acceleration of 

15m/s2 (use the 

data from the 

15MW jacket) 

(Hemmati et 

al., 2019; 

Due¶as 

Osorio and 

Basu, 2008) 

Tower 

Repairable 

Damage 

50% yield stress 50% yield stress 50% yield stress (Rashid and 

Sarkar, 

2021; Jana 

et al., 2025) 

Tower Collapse Yielding or 

buckling 

(assessed at 

the same time) 

Tower rotation of 

2.5Á 

Tower rotation of 

2.5Á 

(Wang et 

al., 2025; 

Jana et al., 

2025) 

Foundation 

Repairable 

Damage 

82% yield stress 

in the transition 

piece 

Mudline or 

monopile head 

rotation of 0.5Á 

Mudline or 

monopile head 

rotation of 0.5Á 

(Mo et al., 

2017; DNV, 

2014: Jana 

et al., 2025) 

Foundation 

Collapse 

Yielding of the 

transition piece 

Proxy using data 

from the 5MW 

monopile  

Proxy using data 

for the 5MW 

monopile  

(Mo et al., 

2017) 

Blades 

Durability 

Reduction 

Mud line 

rotation of 0.5Á 

Top tower 

displacement of 

1.25%H 

Top tower 

displacement of 

1.25%H 

(Espa¶ol, 

2025; Zuo 

et al.,  

2020) 

Blade-Tower 

Collision 

Top tower 

rotation of 2.5Á 

Proxy using data 

from the 10MW 

jacket  

Proxy using data 

from the 10MW 

jacket  

(Jonkman 

et al., 2009) 

 

Table 3.3: Engineering Thresholds per Failure Mode for Jacket-supported Models 

Failure 

Modes 

5MW Jacket 10MW Jacket 15MW Jacket References 

Nacelle 

Emergency 

Shutdown 

Top tower 

displacement of 

0.5%H 

Top tower 

displacement of 

0.5%H 

Top tower 

displacement of 

0.5%H 

(De Risi et 

al., 2018; 

Asareh et 

al., 2016) 
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Generator 

Failure 

Top tower 

acceleration of 5 

m/s2 

Top tower 

acceleration of 5 

m/s2 

Top tower 

acceleration of 5 

m/s2 

(Due¶as 

Osorio and 

Basu, 2008) 

Inverter 

Failure 

Top tower 

acceleration of 10 

m/s2 

Top tower 

acceleration of 10 

m/s2 

Top tower 

acceleration of 10 

m/s2 

(Due¶as 

Osorio and 

Basu, 2008) 

Electrical 

System 

Failure 

Top tower 

acceleration of 15 

m/s2 

Top tower 

acceleration of 15 

m/s2 

Top tower 

acceleration of 15 

m/s2 

(Due¶as 

Osorio and 

Basu, 2008) 

Tower 

Repairable 

Damage 

75% yield stress 75% yield stress 75% yield stress (Nath and 

Haldar, 

2025) 

Tower 

Collapse 

Yielding Yielding Yielding (Nath and 

Haldar, 

2025) 

Foundation 

Repairable 

Damage 

Mud line rotation 

of 0.2Á 

Mud line rotation 

of 0.2Á 

Mud line rotation 

of 0.2Á 

(Patra et 

al., 2022) 

Foundation 

Collapse 

Proxy established 

using data from 

the 15MW jacket 

and oil platform   

Proxy established 

using data from 

the 15MW jacket 

and oil platform   

Collapse of an oil 

platform  

(Bezir et al., 

2019) 

Blades 

Durability 

Reduction 

Top tower 

displacement of 

1.25%H 

Top tower 

displacement of 

1.25%H 

Top tower 

displacement of 

1.25%H 

(Zuo et al., 

2020) 
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Blade-Tower 

Collision 

Top tower rotation 

of 2.5Á 

Top tower 

rotation of 2.5Á 

Proxy using data 

from the 10MW 

jacket  

(Jonkman 

et al., 2009; 

Bak et al., 

2013) 

 

The following subsections describe in detail the selected failure modes and the thresholds 

chosen to characterise the onset of each mechanism. Additionally, the following subsection 

explains the procedure used to establish proxy fragility functions when there was a lack of 

data.  

 

3.1.7.1 Proxy Fragility Development  

It is important to note that for certain cases, direct fragility information corresponding to a 

failure mechanism was not available in the literature. Additionally, in some cases, employing 

the available thresholds was not possible because it violated the sequential framework 

assumed for the failure modes. For instance, it could lead to higher severity modes 

exhibiting larger exceedance probabilities than lower ones. In turn, proxy fragility functions 

had to be used. 

In these cases, firstly, an attempt was made to find a relevant fragility function from the 

literature that could represent the considered damage mechanism, even if originally it was 

linked to another component. For example, foundation serviceability fragility relationships 

were used as proxies for blade durability-related damage, since surpassing foundation 

deformation limits can lead to increased fatigue loading on the blades. This approach 

allowed physically meaningful proxy relationships to be incorporated into the framework 

when direct information was unavailable.  

Nevertheless, this approach was not always possible and then proxy fragility parameters 

needed to be developed based on a reference relationship. To develop said proxy 

relationships a scaling approach was employed based on reference fragility curves available 

for comparable components or failure mechanisms. For the median fragility parameter 

(theta), a ratio was derived from related limit states as follows: 

 

— —
—  

—  
σ 

 

This allowed to transfer the spacing relationship to the target failure mode. Additionally, for 

the standard deviation parameter (beta) a variance-based transfer was adopted in the form: 
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‍  ‍   ‍ ‍ τ 

 

Since beta represents a dispersion relationship, the logic set by the Law of Propagation of 

Uncertainty is followed, which assumes independent uncertainty sources are combined 

using root-sum-square in variance space (Palmer, n.d.). Therefore, when determining the 

proxy parameter, the variance difference between the reference and the proxy reference 

curve is taken as an additional uncertainty contribution to be transferred to the target fragility 

curve. Additionally, this allows for preserving the relative change in variability between 

comparable fragility relationships. In turn, it retains a dispersion consistent with the reference 

relationship and maintains the sequential logic.  

Although this approach is limited and introduces additional assumptions into the model, it is 

a transparent and straightforward way to determine fragility information where there is a 

shortage.  

3.1.7.2 Nacelle 

Generator, Inverter and Electrical System Failure  

According to Dueñas Osorio and Basu (2008), the generator fails in a nacelle acceleration 

range between 5 and 10 m/s2, the inverter between 10 and 15 m/s2, and finally the electrical 

systems in a range between 15 and 20 m/s2. In turn, the nacelle subsystem failure 

thresholds are assumed to be 5, 10, and 15 m/s2. However, since the 5MW monopile 

configuration lacks information regarding these specific thresholds, closely related ones 

were used (i.e. 7.5, 12.5, and 17.5 m/s2).  

For the 10 and 15MW monopile configurations, there was no fragility data regarding nacelle 

subsystem failures. In turn, it was assumed that these configurations would reach the 

acceleration limits at a similar point to their jacket counterparts, so the fragility information for 

the 10 and 15MW jacket configurations was used.  

Effect:  The failure of the generator, inverter, or electrical system means there is a moderate 

property damage (PD), and the need to repair this subsystem leads to moderate business 

interruption (BI), since no energy can be produced in the meantime. 

 

Emergency Shutdown  

For the 5MW monopile, the emergency shutdown is assumed to be triggered by a rotation of 

0.5°, as proposed by De Risi et al. (2018). Since no data were found for that specific 

rotational threshold for the 10 and 15MW configurations, a similar limit needs to be identified 

in the existing literature. While Asareh et al. (2016) assumed a top tower displacement of 

1.25%H as leading to a shutdown, combining this with the results to measure nacelle failure 

leads to illogical results regarding the sequential logic (i.e. the nacelle shutdown curves 

indicated lower vulnerability than those for nacelle subsystem failures), and in turn another 

existing limit was selected (i.e. 0.25° top tower rotation). While this is an overconservative 

limit compared to that specified by De Risi et al.(2018), it allows for an initial estimate for the 

emergency shutdown.   
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On the other hand, the rest of the configurations lack data regarding a rotational threshold 

and displacement limits, such as 1.25%H, also led to illogical results. In turn, a stricter 

threshold representing higher vulnerability was chosen, specifically a top tower displacement 

of 0.5%H. Again, this acts as an overconservative threshold when compared to the 

assumption made by Asareh et al. (2016), but it allows for an initial estimate of the shutdown 

limit.  

Effect : Since the emergency shutdown is designed to prevent damage to the nacelle, no PD 

is incurred. Nevertheless, since energy production is stopped for a certain amount of time, a 

slight business interruption (BI) is to be expected.   

3.1.7.3 Tower 

Tower Collapse  

The tower collapse is assumed to follow once the yielding or buckling limits have been 

reached in the tower. For the 10 and 15MW monopile configurations, this information is not 

available. However, Jana et al. (2025) assume 2.5° tower rotation as a limit for misalignment 

and structural instability, which in turn is used for both configurations. Similarly, in 

configurations involving a jacket, no information is available to assess the buckling of the 

tower, so only yielding is considered.  

Effect: The structure loses its structural resistance and is then prone to collapse. In this 

case, there is a large PD, and due to the need for overall replacement of the component and 

the fact that the system cannot continue operating, a long BI is to be expected.  

 

Tower Repairable Damage  

The tower's repairable damage is linked to the start of nonlinear behaviour in the tower. For 

all configurations involving a jacket foundation, the only data to assess the tower comes from 

Nath and Haldar (2025). According to their study, the onset of nonlinear behaviour is linked 

to 75% of the yield stress. However, for the monopile configurations, authors such as Rashid 

and Sarkar (2021) and Jana et al. (2025) stated the initiation of plasticity at 50% of yield 

stress. Consequently, for these configurations, that threshold was chosen.  

Effect: Due to the ductile nature of steel, the initiation of nonlinearity does not immediately 

lead to collapse, but rather to slight plastic deformations. This leads to a decrease in 

stiffness and a redistribution of load, which takes place after early yielding (Trahair et al., 

2008). Additionally, for ductile metallic materials, plastic deformations increase residual 

stresses, which lower the fatigue life of the structure (Samara et al., 2024). Furthermore, for 

wind turbines, local deformations could lead to the separation of flanges (which connect the 

multiple segments of the tower), leading to loosening in the connection between tower 

segments (Witter et al., 2024). 

Overall, this entails plastic deformations and deflections that affect load distribution and 

lower the lifetime of the structure.  This means that if the thresholds are surpassed, repair 

and maintenance are necessary to maintain the normal operation and projected lifetime of 

the turbine. In turn, moderate PD and BI are linked to this failure mode.   
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3.1.7.4 Foundation  

Foundation Collapse  

For the 5MW monopile configuration, the threshold regarding yielding at the transition piece 

provided the most suitable limit, with sufficient fragility curves available for its assessment. 

Nevertheless, no direct information regarding foundation collapse could be obtained for the 

remaining configurations. To address this limitation, proxy fragility relations were developed 

using the procedure detailed above. 

For the 10 and 15MW monopile configurations, the proxy relation was established using the 

relationship between 0.5° mudline rotation and yielding at the transition piece. First, the 

average fragility curve corresponding to 0.5° mudline rotation for the 5 MW monopile turbine 

was taken as the reference curve, while the average curve for transition piece yielding was 

used as the target curve. The relationship between these two curves was then transferred to 

the 10 and 15 MW monopile configurations by using their respective 0.5° mudline rotation 

curves as proxy reference curves, which allowed the development of curves representing 

foundation collapse for those configurations. 

For the jacket foundation configurations, no suitable reference curve was available within the 

considered OWT studies. Consequently, fragility information from a platform on a jacket 

foundation established by Bezir et al. (2019) was used as a proxy for the largest turbine 

configuration (i.e. the 15MW model). Using the 0.2° mudline rotation curve as the reference 

and the platform collapse curve as the target, proxy foundation collapse fragility information 

for the 5 and 10MW jacket configurations was then established. 

It is important to note that several assumptions were required for this failure mode, and 

therefore, the resulting curves should only be considered as an initial estimation. For 

example, while the platform structure primarily exhibited resonance in the 1st mode, offshore 

wind turbines are generally expected to resonate in higher modes. Furthermore, the proxy 

approach assumes that the relationship between the reference and target curves remains 

constant across configurations, which may not necessarily be true. For instance, the 

relationship between mudline rotation and foundation collapse for the 5MW configuration 

may differ from that of the 10 or 15MW turbines. 

Effect: This effect is related to the failure of the foundation by losing the structural 

resistance, which means the component is obsolete and must be replaced, resulting in high 

PD and BI. 

 

Foundation Repairable Damage  

 For the 5MW monopile, a threshold of 82% yield stress at the transition piece was selected. 

This represents the allowable stress, meaning that when it is surpassed, a durability 

reduction and slight structural damage can be caused.  The limit used by Mo et al. (2017) 

allows for the sequential logic in reference to the foundation collapse. For the other monopile 

configurations, data on allowable stress were not obtained. However, according to the DNV-

OS-J101 (DNV, 2014) and Jana et al. (2025), 0.5° mudline or monopile head rotation acts as 

a serviceability limit state, allowing to safeguard the integrity of the foundation. 

For the jacket configurations, a mud line rotational limit of 0.2° is taken as the threshold, 

following the findings from Patra et al. (2022), establishing this as a limit for low cyclic load 
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effect. Nevertheless, it is important to state that these findings are for monopile foundations 

but have been applied to fragility studies concerning OWT on jackets by Nath and Haldar 

(2025). 

Effect: Surpassing the SLS threshold is linked to deflections that may alter the effect of the 

acting forces, deformations that may change the distribution of loads between supported 

rigid objects and the supporting structure, and differential settlements of foundation soils, 

causing intolerable tilt of the wind turbine (DNV, 2018). Regarding the allowable stress, 

although structural collapse is not anticipated at this stage, the safety margin is fully 

depleted, and normal operation can no longer be considered safe. 

These states lead to moderate PD since it incurred certain deformations or deflections, and 

moderate BI due to the need for maintenance and repair to ensure safe operation at normal 

operating conditions can be reinstated. 

3.1.7.5 Blades 

Blade -Tower Collision  

The threshold assumed corresponds to a tower-top rotation of 2.5°. This value is based on 

Jonkman et al. (2009) and Bak et al. (2013), where the pre-cone angle of the NREL 5 MW 

and DTU 10 MW reference turbines is established as 2.5°. Consequently, rotations 

exceeding this value are assumed to result in blade-tower collision. 

However, no similar fragility information could be identified for the 10 and 15 MW monopile 

configurations or for the 15 MW jacket-supported turbine. Therefore, proxy fragility 

relationships had to be developed. Since the 10 MW jacket configuration did include the 

required information, it was considered sufficiently similar to the 10 MW monopile 

configuration to establish an initial relationship between blade durability reduction and blade-

tower collision. In this process, the average fragility curve corresponding to blade durability 

reduction was used as the reference curve, while the average blade-tower collision curve 

was used as the target curve. The resulting relationship was then transferred to the 10 MW 

monopile configuration by using its blade durability reduction curve as the proxy reference, 

allowing an estimated fragility curve for blade-tower collision to be obtained. 

The same procedure was subsequently applied to the 15 MW monopile and jacket-

supported configurations. This approach, therefore, assumes that the relationship between 

the considered blade failure modes remains similar across the 10 and 15 MW turbine 

configurations, which constitutes an important assumption. 

Effect : A blade striking the tower is one of the main failure modes of the blades (Chen, 

2018), and this implies that a collision leads to the need for overall replacement of the blades 

or, in a worst-case scenario, leads to the total collapse of the turbine (Risø DTU, 2008), 

indicating high PD and BI.  

 

Blade Durability Reduction 

According to Espa¶ol (2025), surpassing the monopile serviceability threshold of 0.5Á mud 

line leads to higher fatigue loading on the blades, which can, in turn, reduce their lifespan. 

For the configurations pertaining to jacket foundations, using this limit violated fragility logic 

(i.e. the durability reduction curves indicated lower vulnerability than those for blade 
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collision), and in turn, another threshold had to be employed. Following the assumptions 

made by Zuo et al. (2020) when studying the fragility of OWT subject to wind and wave 

loads, a limit approximating the serviceability of blades can be taken around 20-30% of the 

displacement leading to a blade-tower collision. Considering the threshold for blade-tower 

collision stated before, the rotation is around 0.5-0.75Á. Assuming simple linear deformation, 

this corresponds to approximately 0.87-1.31%H. Since several studies used 1.25%H in their 

assessments, and it is within the range, this threshold is then used for this failure mode for 

configurations including a jacket foundation. It is important to note that the pre-cone of the 

15MW turbine is not known, and so it is assumed to be the same as for the others. 

Effect : By surpassing the established thresholds, the turbine blades would be exposed to 

higher fatigue loading and deflections that may alter the effect of the acting forces or 

deformations that may change the distribution of loads (DNV, 2018). In turn, the blades 

would incur limited PD, prompting maintenance or repair to retain their projected lifespan 

and maintain normal operations, which translates to moderate BI.  

3.1.8 Data Division  

Following the data collection and filtering process, the relevant parameters were extracted 

and organised according to component, turbine configuration, and failure mode. The data 

was divided as seen in Table 3.4. 
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Table 3.4: Number of curves per configuration and failure mode 

 Blades Foundation Nacelle Tower 

Turbine 
Configurations Collision 

Durability 
Reduction  Repair  Collapse 

Emergency 
shutdown 

Electrical 
Sys. 
failure 

Generator 
failure 

Inverter 
failure Repair  Collapse 

DTU 10MW           
4-legged jacket 8 10 2 1 2 2 2 2 2 2 
Monopile 1 9 9 1 9 2 2 2 9 9 
IEA 15MW           
4-legged jacket 1 2 2 1 2 2 2 2 2 2 
Monopile 1 9 9 1 9 2 2 2 9 9 
NREL 5MW           
4-legged jacket 2 4 2 1 2 2 2 2 2 2 
Monopile 7 60 6 6 70 1 1 1 10 25 
Grand Total 20 94 30 11 94 11 11 11 34 49 

 

Table 3.4 shows the data division per configuration and component failure mode. As it is evident, there is at least one curve for each failure 

mode. However, it also shows that data is not evenly distributed among configurations. 



 

 

3.2 Component Fragility Framework  

The curve development methodology aims to construct component-level seismic fragility 

functions using the collected information from the literature and, in turn, address the second 

research objective. Within the framework, fragility relationships are assumed to follow a 

lognormal cumulative distribution function with PGA as the seismic intensity measure.  

Since the available studies exhibit varying levels of quality, consistency, and complexity, two 

different approaches were explored to develop the component-level fragility curves. The first 

model consists of selecting the highest quality and most appropriate curve. This allows to 

highlight the expected function and not consider the outlier, lower-quality curves. 

Nevertheless, this method gives a deterministic representation of the fragility and does not 

take into consideration the uncertainty associated with the data. The second approach 

consists of a Bayesian inference framework informed by prior distributions and the 

parameters observed in the literature to obtain posterior distributions of the fragility 

parameters. Unlike the first approach, this model intends to propagate epistemic uncertainty 

associated with the available data. By doing so, the Bayesian model allows to generate 

fragility functions and credible intervals representing uncertainty in the estimated component 

fragilities.  

3.2.1 Model 1 Ц Best Curve Model  

The objective of this methodology is to determine, in a transparent and reproducible manner, 

the highest-quality and most appropriate set of fragility parameters presented in the literature 

for each component failure mechanism.  

After the filtering process detailed in an earlier section, each fragility relationship from the 

considered literature had been assigned a quality score and was divided into components 

and turbine-foundation configurations. 

While the intent was to choose the highest quality curve, in many cases, several curves had 

the same score or when combined with the curve for other component failure modes, it did 

not follow the sequential logic. In turn, several additional considerations were taken into 

account, including: 

¶ Is the quality score high? 

¶ Does it follow the sequential fragility logic? 

¶ How vulnerable is the component with the selected curve set? 

These considerations try to facilitate identifying the best curve among the available ones. A 

high-quality score reflects aspects such as the complexity, reproducibility, and realism of the 

curve. Ensuring the selected curves follow a sequential logic is also important, so that the 

probabilistic model behaves consistently and realistically. Finally, when multiple curves were 

considered similarly suitable, the more conservative option was preferred, as this represents 

a safer assumption within the assessment.  

Once the most suitable parameter couple is selected, it is then input into the lognormal 

cumulative distribution function to define the component fragility function. By doing so, this 

model establishes a baseline representation of seismic fragility that can later be used to 

assess the failure probability of an OWT.  
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By selecting a single fragility function, the model ensures a more consistent and 

computationally efficient approach.  Nevertheless, it does not consider the epistemic 

uncertainty associated with the variability between studies. The selection process also 

involves a certain amount of engineering judgment, which can introduce subjectivity into the 

final functions.  

3.2.2 Model 2 Ц Bayesian Inference Model  

The Bayesian Inference model is set up to use the collected fragility parameters in 

combination with priors established based on engineering knowledge and assumptions to 

determine posterior median fragility and dispersion distributions. Subsequently, these 

posterior distributions can be used to determine the mean component fragility curve and the 

respective 90% confidence interval.  

The Bayesian framework works under the assumption that each study provides a pair of 

parameters (theta, beta) which are treated as realisations of an underlying or ñtrueò 

population-level distribution. These parameters are assumed to be uncertain quantities 

rather than fixed values. In turn, prior distributions are constructed to inform the model, 

which is then updated with the parameters observed in the literature and yields posterior 

distributions of theta and beta. This approach allows for capturing between-study variability 

while also estimating global fragility characteristics. The procedure can be seen in Figure 3.4 

and is explained in detail in the following subsections.  

Figure 3.4: Bayesian Inference model summary 
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3.2.2.1 Definition of Population-Level Parameters and Priors 

The model can be interpreted as two coupled Bayesian inferences done simultaneously, one 

for the median fragility and one for the dispersion. At the population level, the framework 

defines hyperparameters governing the distribution of fragility parameters for both 

inferences. Specifically: 

¶ ‘  ï population-level mean of ln(ɗ) 

¶ ‘  ï population-level mean of ln(ɓ)  

¶ „  ï between-study variability in ln(ɗ) 

¶ „  ï between-study variability in ln(ɓ) 

It is important to note that the lognormal notation of theta and beta is used since it allows for 

more convenience and easier interpretation when building the prior distributions and overall 

model afterwards.  

These population-level parameters are assumed to follow certain prior distributions. For this 

model, the following assumptions have been made. 

¶  ‘ ὔͯέὶάὥὰὰὲ— ȟί   

¶ ‘ ὔͯέὶάὥὰὰὲ‍ ȟί    

¶ „ ὌͯὥὰὪὔέὶάὥὰ†  

¶ „ ὌͯὥὰὪὔέὶάὥὰ†  

The choice for these distributions is based on previously used or suggested distributions for 

Bayesian hierarchical meta-analysis models, in addition to the need to provide certain 

constraints to prevent unrealistic parameter values.  For instance, the population-level 

means are assumed to follow a normal distribution since this is a common choice adopted in 

several meta-analysis studies, such as Sutton and Abrams (2001) and Röver et al. (2021). 

Furthermore, since the median fragility can be seen as a magnitude, it is assumed that the 

variation is better described in a multiplicative manner. Additionally, since it is also defined in 

the same physical scale as the intensity measure (i.e. PGA) it only allows positive values. 

Consequently, a lognormal formulation of theta is more appropriate. The same logic is 

applied to the dispersion parameter. Consequently, both parameters are modelled in 

logarithmic space, allowing them to vary according to a normal distribution while ensuring 

that their values remain positive in the original scale. In turn, theta and beta effectively follow 

a lognormal formulation in the model. 

For the heterogeneity or between-study variability parameters („ , „ ) the distribution 

is based on Röver et al. (2021) support for half-normal as a reasonable weakly informative 

heterogeneity prior distribution. Since the variance must be positive and probably not very 

large, the half-normal distribution offers the best fit, since it encourages values near zero, 

while allowing for larger values if needed, but does not favour them. Additionally, it only 

allows positive values.  

Furthermore, the prior distributions are defined by the prior parameters (i.e., —, ‍, † , 

etc.).  For the location parameters (i.e., —, ‍) the values are assumed from the most 
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suitable curves selected for the first model. Since these curves are assumed to be a 

baseline estimate of the expected fragility function, it is an appropriate assumption.  

However, to avoid double using these curves, which could make the model overfit in their 

favour, once the curves are used for the priors, they are removed and are not used as 

observations.   

For the scale parameters, a fixed value of 0.5 has been established. In the case of the 

population-level means, which follow a normal distribution, a standard deviation of 0.5 on the 

log scale corresponds to an interval given by: 

 

— Ὡ Ȣ Ȣ   
— 

ςȢφφ
 ὸέ ςȢφφ—  

‍ Ὡ Ȣ Ȣ   
‍ 

ςȢφφ
 ὸέ ςȢφφ‍  

 

In turn, the true median and dispersion are allowed to differ from the reference value by a 

factor of 2.66 in either direction. This is considered sufficiently flexible to account for 

uncertainty and prevent unrealistic values.  

Furthermore, for the heterogeneity parameters, the value of tau is also taken as 0.5. This 

assumption was motivated by recommendations from Röver (2020), which notes that within 

the logarithmic scale, heterogeneity values between 0.1 and 0.5 are reasonable. 

Furthermore, Friede et al. (2016) suggested the use of half-normal priors with scale of 0.5 or 

1.0 for log-scale heterogeneity parameters and showed that these priors perform well in 

simulations. The authors suggest 0.5 already is suggested when there is substantial 

heterogeneity in the meta-analysis, while 1.0 should be assumed for large between study 

variability. Although these suggestions were proposed regarding logarithmic odds ratios, it is 

assumed that the reasoning still applies since this model also employs the logarithmic scale, 

where variability is taken as multiplicative. Furthermore, with a value of 0.5, the prior implies 

that most studies differ from the population mean by a factor of 2.66. Thus, the half-normal 

prior with scale 0.5 is assumed to be a moderately informative assumption providing 

sufficient flexibility for the model. 

3.2.2.2 Definition of Likelihood 

Additionally, the model assumes the following likelihood distributions: 

¶ ὰὲ— ὛͯὸόὨὩὲὸὸ‘ ȟ„ ȟ’ 

¶ ὰὲ‍ ὛͯὸόὨὩὲὸὸ‘ ȟ„ ȟ’ 

¶ ’ ͯ ς  ὩὼὴρȾρπ 

The distributions were assumed, considering occasional outlier studies, the Student-t 

distribution is chosen, since the heavier tails make it more suitable to provide robustness 

and offer greater flexibility (Wang et al., 2025b). Furthermore, the nu parameter is used 

to control the robustness. As per Kruschkeôs (2015) suggestion, the parameter follows an 

exponential distribution with smaller values (i.e. heavier tails for the Student-t 

distribution) being discouraged but allowed if the data demands it.  
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3.2.2.3 Posterior Inference 

With the priors and likelihood already established, the Bayes Theorem is used to generate 

the posterior distributions for the fragility parameters, following: 

ὖɡȿὨὥὸὥθὖὨὥὸὥȿɡ ὖɡ υ 

Where: 

Likelihood function ï ὖὨὥὸὥ ȿ ɡ  

Joint prior distribution - ὖ ɡ 

Population-level parameters - ɡ ‘ ȟ‘ ȟ„ ȟ„  

Due to the hierarchical nature of the model and employed priors, the model employs No-U-

Turn Sampler (NUTS) for the posterior sampling. This method is an extension of Hamilton 

Monte Carlo (HMC), which allows for an efficient exploration of the parameter space by 

using an algorithm to build a set of likely points that spans a wide area of the target 

distribution and stops when the path starts to retrace its steps (Hoffman and Gelman, 2014).  

After convergence is satisfied, a large number of posterior samples are preserved for the 

analysis. The resulting set of posterior samples provides a probabilistic representation of the 

parameters.  

3.2.2.4 Posterior Fragility Curves 

The generated posterior samples are then used to build fragility curves and quantify 

uncertainty.  To do so, for each posterior theta and beta parameters generated with the 

Bayesian inference, a fragility curve is constructed using a predefined range of intensity 

measure values. This produces a large collection of curves which reflect the uncertainty in 

the inferred parameters.  

The collection of posterior fragility curves is then used to obtain the mean and the 5th and 

95th percentiles of damage probability at each IM level. These are then used to create a 

fragility curve for the selected component damage state, representing the expected 

probability of exceedance and a 90% credible interval, in turn allowing the incorporation of 

damage estimates and the associated uncertainty into further risk analysis.  

It is important to note that in cases where only one fragility observation is available, the 

Bayesian framework could not be applied correctly since there is not enough data to inform 

the posterior, and it will be mostly driven by the priors. In such cases, the available fragility 

curve is assumed to be the most representative relationship and adopted directly.  

Overall, the Bayesian framework allows to incorporate variability between studies and 

uncertainty in the available data, which makes it a more robust model that can correctly 

propagate uncertainty. Nevertheless, this added complexity decreases the computational 

efficiency of the model. In addition, depending on the number of curves, the posterior 

distributions might be heavily reliant on the priors, which are partially based on assumptions, 

leading to a certain limitation in the model. Furthermore, although small, some overlap exists 

between the studies, which may introduce a slight bias or overrepresentation of certain study 

groups within the resulting model. 
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3.2.2.5 Convergence Assessment Procedure 

Convergence of the Bayesian inference model was assessed using the Gelman statistic (R-

hat), bulk and tail effective sample sizes (ESS), and the number of divergences produced 

during the MCMC sampling. R-hat measures whether independent Markov chains converge 

to the same posterior distribution. Values close to 1 indicate good convergence, while values 

above 1.05 are problematic (Bürkner and Vehtari, n.d.). Bulk and tail ESS measure the 

efficiency of the sampling process. Larger values indicate better posterior distribution, with 

100 being the limit for results to be acceptable (Bürkner and Vehtari, n.d.). Finally, 

divergences are used as indicators of difficulties in exploring the posterior geometry. High 

number of divergences may indicate that the posterior distribution was not adequately 

sampled, which reduces confidence in the resulting posterior parameter estimates 

3.2.2.6 Sequential Logic Assessment Procedure 

To evaluate the consistency of the generated component fragility curves, a logic check 

concerning the sequential order of the functions was performed. Since the failure modes 

represent increasing levels of damage severity, the fragility curves must follow a sequential 

order, in which the less severe failure modes have higher exceedance probabilities than the 

more severe ones. Consequently, the curves should follow a setup as the one seen in Figure 

3.5. 

 

 

Figure 3.5: Schematic of fragility curve sequential logic (FEMA, 2010) 

 

The assessment was performed by visually comparing the posterior mean fragility curves. 

Cases in which the more severe failure mode had a lower exceedance probability than a 

more severe mechanism over part of the PGA range were considered violations of the 

expected sequential logic. 

3.3 Vulnerability  Assessment Framework  

The following section presents the established framework to predict the governing damage 

state using the literature-based fragility curves, and link said states to losses for different 

levels of intensity and distinct turbine-foundation configurations. In doing so, the framework 

addresses the third research objective. 
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3.3.1 Damage State Definitions  

Damage states are used within the proposed framework to provide a higher level of 

categorisation of the resulting condition of the turbine. These were established to reflect the 

severity of the damage and the expected intervention required following a seismic event. 

This higher level allows to unite the different failure mechanisms that lead to similar 

operational consequences.  

For this thesis, three distinct damage states have been developed: temporary shutdown, 

repair, and replacement and are further explained below. They are ordered sequentially 

according to increasing severity of damage, and each one is linked to a set of component 

failure modes.  

3.3.1.1 Temporary Shutdown 

Temporary shutdown represents the first and least severe damage state. When this state is 

triggered, a slight BI is expected, but the structure is not damaged since the shutdown acts 

as a safety mechanism to prevent undesired consequences. 

3.3.1.2 System Repair 

This damage state represents the cases in which one of the components has been affected 

by the earthquake and needs certain repair or maintenance work. This implies certain PD 

due to the slight malfunction of one of the subsystems and, in turn, the need to fix it, which 

requires some downtime as well. 

3.3.1.3 System Replacement 

The system replacement is linked to the complete failure of one or more components. While 

in reality the replacement of one component does not necessarily mean the replacement of 

the entire system, for this thesis, it is assumed that no components are recoverable, and 

once this state is triggered, the entire system needs replacement. Due to the severe 

consequences, there is significant PD and high BI, linked to the time it takes to replace the 

entire system.   

3.3.2 Failure Mode to Damage State Mapping  

The developed network consists of three layers, as seen in Figure 3.6. The first layer 

regards the four main components of OWT (i.e. tower, foundation, nacelle, and blades). 

Each component is related to specific failure modes, which are based on the engineering 

thresholds used in the consulted literature.  The final layer represents the system damage 

states, which are direct results of the component failure mechanisms.  

 



 

 

Figure 3.6: Proposed Network 



 

 

The main idea is that the occurrence of one linked failure mechanism leads to a specific 

level of damage and, in turn, triggers a particular damage state. Since multiple failure modes 

may occur simultaneously during a seismic event, the established hierarchy allows for 

establishing the governing state of a turbine. This is crucial for subsequent loss analysis, 

since the damage states can then be connected to loss information related to the sustained 

level of damage.  

From the determined failure modes, only the nacelle emergency shutdown can be related to 

a temporary shutdown. In turn, it is assumed the damage state is essentially equivalent to 

this component failure mode. The system repair is directly related to tower or foundation 

repairable damage, generator, inverter, or electrical system failure, and blade durability 

reduction. These failure modes represent certain physical damage to the structure but are 

not severe enough to require replacement. Finally, system replacement is linked to the most 

severe failure mechanisms, namely: collapse of the tower or foundation, or a blade-tower 

collision.  

3.3.3 Loss Ratio Assignment  

Due to the lack of publicly available empirical data linking damage and loss in offshore wind 

projects, expert judgment was employed to determine the loss ratios related to each damage 

state. Specifically, an expert within the insurance sector was contacted to provide plausible 

preliminary loss ratio ranges. The following range were subsequently established. 

Table 3.5: Loss Ratio per Damage State 

Damage State Loss Ratio 

No damage or Temporary Shutdown 

(DS1) 

0% 

Repair (DS2) Uniformly sampled between 10 and 30% 

Replacement (DS3)  Uniformly sampled between 30 and 90% 

 

The loss ratio for the first damage state is null since there are no expected losses for short-

period shutdowns, such as those seen during the usual duration of an earthquake. On the 

other hand, for the highest damage state, the maximum ratio is kept as 90% and not 100% 

since it was considered that 10% of the insured sum is made up of cables and other 

components, which are not considered in this thesis.  

3.3.4 Monte Carlo Scenario Simulation Framework  

The fragility relationships developed with the best curve or Bayesian inference approach are 

incorporated into a Monte Carlo simulation to run damage scenarios for different ranges of 

seismic intensity.   

This simulation framework aims to highlight which combinations of failure modes are most 

likely to occur, which damage state they produce, and the expected loss ratio.  

 



 

 

Figure 3.7: Monte Carlo Simulation Framework 



 

 

The framework starts with the user selecting their desired PGA band, which dictates the 

intensity of the earthquakes to be simulated.  In each simulation, one value within this band 

is randomly sampled and used as the intensity of the seismic event for that simulation. In the 

case of the Bayesian model, one posterior fragility parameter pair is also randomly sampled 

for each failure mode, allowing for the propagation of the uncertainty in the fragility 

information. For the best curve model, the single parameters are used directly.  

Using the sampled PGA and the fragility parameters, cumulative exceedance probabilities 

are calculated for each failure mode. Since these modes are sequential, the cumulative 

probabilities can then be converted into actual failure mechanism probabilities following the 

procedure set by Porter (2016): 

 

ὖὈ Ὠȿὢ ὼ ρ ὖὈ ρȿὢ ὼ Ὢέὶ Ὠ π 

ὖὈ Ὠȿὢ ὼ ὖὈ Ὠ ρȿὢ ὼ Ὢέὶ ρ Ὠ ὲ  

ὖὈ Ὠȿὢ ὼ Ὢέὶ Ὠ ὲ φ 

 

Here, the first line indicates the probability that the component is undamaged, the second 

line is when an intermediate failure mode (e.g., repairable damage) has been reached, and 

the last line represents the probability of the maximum or most severe failure mode 

happening (e.g., collapse).    

Once the actual probability of a failure mode (ὖ) is obtained, the occurrence of the failure 

mode is determined. To do so, for each failure mode (i ), a random number (ό) is sampled 

from a uniform distribution between 0 and 1. Then the sampled value is compared to the 

calculated probability, and the failure mode is assumed to occur only if:  

 

 ό  ὖ 

 

(7)  

This procedure is repeated for all failure modes in each simulation. The triggered failure 

mode is stored for each turbine, which allows to later trace which component failure 

mechanism led to the damage state in that scenario.  

The final damage state assigned to a turbine is determined using the most severe failure 

mode established by the damage state hierarchy. On the other hand, if no failure occurs, the 

turbine is undamaged.  

Based on the damage state reached at each simulation, a loss ratio is sampled and 

subsequently stored together with the damage state.  After all simulations have been carried 

out, the expected loss ratio for that specific PGA band is taken as the average loss ratio of 

all simulations. 

Finally, from the compiled results of all the simulations, it is possible to determine which 

failure modes occur more often in the simulations and, in turn, determine the most common 

damage scenarios for the user-specified PGA band.  

The model yields the following output per PGA band:  
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¶ Probability of damage scenarios (triggered failure mode and damage state 

combination) 

¶ Probability per damage state 

¶ Expected loss ratio  

The model outputs the vulnerability curve for each turbine-foundation configuration. The 

vulnerability function shows the relationship between the expected loss ratio and the PGA, 

as well as the associated uncertainty in the form of a 90% credible interval, obtained with the 

5th and 95th percentiles of the expected loss result from all simulations.  

The model was automated through a developed Python code, which can be accessed 

through a GitHub repository, the link to which is provided in Appendix J.  

In conclusion, the presented approach links component-level fragility information to turbine-

level damage outcomes and loss ratios. The detail of the results makes them highly suitable 

for the insurance sector, as the output can be easily used for loss estimation and 

understanding the damage possibilities at different levels. 

3.4 Finite Element Model  

To validate the proposed vulnerability framework, a FE model was developed to simulate the 

seismic response of a fixed OWT. The developed model represents a simplified 2D 

simulation of a jacket-supported OWT implemented in the software OpenSees (McKenna, 

2011). The goal is not to develop a highly detailed model, but instead one that can quantify 

the global structural response to assess the governing damage scenarios. These results can 

then be compared with the vulnerability framework predictions in order to validate the 

literature-based method.  Consequently, the model is a validation tool rather than one to 

determine the exact behaviour of an OWT. 

Given the scope of the study, limited data, and time constraints, a computationally efficient 

model was adopted. While several assumptions were employed to simplify the model, 

sufficient structural details were ensured and checked to adequately evaluate the global 

response and achieve the validation goal. 

It is also important to note that two SSI representations were adopted to ensure the 

literature-based models are checked for different conditions, and not only one specific case. 

For the first representation, p-y, t-z, and q-z representations were used considering a soft 

soil profile, while for the second, the q-z springs were replaced by a vertically fixed pile tip. 

This allows for assessing different boundary conditions, which helps better verify the fragility-

based models. 

3.4.1 Reference Model  

To perform a preliminary finite element assessment and compare the outputs with the 

fragility results, a representative OWT configuration was selected. The model adopts the 

DTU 10MW reference turbine (Bak et al., 2013) supported on the INNWIND.EU reference 

jacket (von Borstel, 2013). By using both a reference wind turbine and a jacket foundation, it 

is ensured that the details and dimensions of the structures are available, making it easier to 

set up the model. Additionally, the DTU 10MW turbine was selected because its dimensions 
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and characteristics are representative of currently employed large-scale OWTs. For 

instance, as seen in Table 3.6, this reference turbineôs dimensions are comparable to those 

of the Vestas 174-9.5 turbine used for the Kitakyushu-Hibikinada OWF in Japan (Vestas, 

2023) and the MingYang SE6.45-180 turbine used for several projects off the coast of the 

Guandong province in China, including CGN Huizhou I, CGN Shanwei Jiazi I and II, and 

Zhuhai Guishan Hai Demonstration 2 OWFs (World Forum Offshore Wind, 2022). Both 

offshore Japan and southeast China are known to be seismically active regions, making 

them highly relevant locations for this study. As a result, the chosen configuration provides a 

setup which is comparable with real-life models used in earthquake-prone regions, making 

the results highly relevant for current projects.  

Table 3.6: Turbine models comparison 

Parameter Vestas 174-9.5  

(Vestas, 2020) 

MingYang 

SE6.45-180 ( 

Wind Turbine 

Models, n.d.)  

IEA 15MW (Bak et 

al., 2013)  

Hub Height (m) 110  114 119 

Rotor Diameter (m) 174 180 178.3 

Rate wind speed 

(m/s) 

12 9 11.1 

Capacity (MW) 9.5 6.45 10 

 

It is important to note that the purpose of the model is not to produce an exact computational 

model of a realistic OWT. Instead, the simulations allow for a preliminary comparison 

between the probabilistic literature-based damage prediction and the FE structural 

behaviour, helping determine if the fragility model can produce reliable results to be used in 

relevant situations. In turn, the adopted configuration should be understood as an 

engineering approximation, not a site-specific model.  

 

3.4.2 Model Description  

The model is constructed as a 2D frame system comprising several components, including 

the jacket structure, transition piece (TP), tower, piles, and rotor nacelle assembly (RNA). 

The computer model consists of several beam-column elements for the structural 

components, lumped masses at the structural nodes, zero-length spring elements to 

represent the nonlinear soil resistance, and Rayleigh damping for energy dissipation. The 

global system is defined as a 2D model with 3 degrees of freedom per node: horizontal and 

vertical displacements, and rotation. The dimensions of the model are seen in Tables 2 and 

3. 
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Table 3.7: DTU 10MW turbine characteristics (Bak et al., 2013) 

Parameter Units Value 

Rotor Diameter m 178.3 

Hub Height m 119 

Tower-base diameter m 8.3 

Tower-base thickness m 0.038 

Tower-top diameter m 5.5 

Tower-top thickness m 0.02 

RNA mass kg 676723 

Rated wind speed m/s 11.1 

Rotor frequency Hz 0.10-0.16 

Tower mass kg 1210000 

RNA moment of inertia 

about z-axis 

Kg-m2 1.27e8 

 

Table 3.8: INNWIND.EU reference jacket dimensions (van Borstel, 2013) 

Parameter Units Value 

Transition Piece Height m 9 

Jacket legs diameter m 1.4 

Jacket legs max wall 

thickness 

m 0.12 

Jacket legs min wall 

thickness 

m 0.042 

Number of x-braces levels - 4 

Upper x-brace diameter m 0.9 

Upper x-brace wall 

thickness 

m 0.05 

Middle upper x-brace 

diameter 

m 0.876 

Middle upper x-brace wall 

thickness 

m 0.038 

Middle lower x-brace 

diameter 

m 0.968 

Middle lower x-brace wall 

thickness 

m 0.034 
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Lower x-brace diameters m 1.088 

Lower x-brace wall 

thickness  

m 0.044 

Horizontal brace diameter m 1.044 

Horizontal brace wall 

thickness 

m 0.022 

Pile penetration m 40 

Pile diameter m 2.438 

Pile wall thickness m 0.042 

Base width m 34 

Top width  m 14 

Jacket mass Kg 1210000 

Transition piece mass kg 330000 

Interface elevation  m (wrt MSL) 26 

 

3.4.3 Model Formulation  

The tower is discretised into several force-based beam-column elements with fibre sections 

and Giuffé-Menegotto-Pinto steel material (Menegotto and Pinto, 1973). The diameter and 

thickness vary per section due to the linear tapering of the tower from the base to the top.   

The jacket structure is subdivided into four layers, as done for the reference jacket. Similar to 

the tower, the jacket legs are modelled with nonlinear force-based beam-column elements 

with fibre sections and Giuffé-Menegotto-Pinto steel material. In contrast, the horizontal and 

x-braces are represented by elastic beam-column elements. Only the legs are modelled 

nonlinearly since they are the primary component carrying the global overturning moment 

and therefore the most likely to yield under the extreme seismic load. The other members 

are assumed to be elastic to maintain computational efficiency.  

Furthermore, the piles are discretised into several elastic beam-column elements and 

connecting nodes. Zero-length spring elements are then connected to the nodes to 

represent the SSI. The springsô formulation is further explained in the following section.  

A sensitivity analysis has been carried out to ensure that the spatial discretisation of the 

model is sufficiently dense. To do so, the model was modified to approximately three times 

denser discretisation. The relevant engineering demand parameters, such as top tower 

displacement, top tower acceleration, and mudline rotation, were then measured. The 

response was assessed at a low (0.103 g) and a high (1.21 g) PGA level to verify that the 

adopted discretisation remained adequate for different levels. The results are presented in 

Appendix I. The sensitivity analysis showed the changes in the measured parameters are 

below 10%, and in turn, the original discretisation is assumed to provide an adequate 

representation of the structural response. Consequently, the original setup was maintained. 
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As done by Sharmin et al. (2017), the TP is treated as a density-filled rectangular body. This 

component is equal in width to the top jacket layer and has the same height as established 

by the INNWIND.EU documentation, yielding an equivalent rectangle of 14m width and 9m 

height. In the model, it is represented by three elastic beam-column elements connected by 

one central node. Furthermore, the RNA is treated as a lumped mass located at hub height. 

A visualisation of the model can be seen in Figure 3.8. 

 

 

 

 

 

 

 

 

Figure 3.8: 2D OpenSees model visualisation 
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All structural members are considered to be made of S355 steel with a density of 7850 kg/m3 

and a Youngôs modulus of 210 GPa. For the nonlinear elements, the steel is considered to 

have a 0.5% strain hardening ratio, as employed by Akbarzadeh et al. (2025).  Since the 

jacket's elements, the tower, and the piles, are cylindrical sections, the cross-sectional area 

is computed as: 

 

 ὃ  
“

τ
Ὀ Ὀ ςὸ  (8)  

 

The moment of inertia is: 

 Ὅ
“

φτ
Ὀ Ὀ ςὸ  (9)  

Where D is the diameter and t stands for the wall thickness.  

The area and moment of inertia of the TP are computed as follows: 

 

    ὃ ὦ Ὤ  

 

(10)  

 Ὅ  ὦ   (11)  

 

These properties are then equally divided among the three elements constituting the TP in 

the model.  

 

3.4.4 Mass Assignment  

Masses are lumped at the nodes. For the tower, mass is distributed along the components 

based on the dimensions of the elements obtained from the tapered tower geometry. For 

each tower element, mass is assigned to each end node, ensuring the sum of all nodal 

masses is equal to the value reported in the literature.  

The jacket mass is distributed using weight factors derived from the steel volume associated 

with each node.  So, for instance, node 1, which is connected to elements with larger 

dimensions, has a higher factor than node 10, which is connected to smaller elements. In 

turn, node 1 is assigned a higher mass, proportional to the weight factor. The results for the 

weights and assigned masses can be seen in Appendix E. Furthermore, as suggested by De 

Risi et al. (2018), an additional hydrodynamic mass is taken as 80% of the submerged mass.  

The added mass is applied in the horizontal degree of freedom of submerged nodes.  

The pile mass is distributed uniformly along the embedded pile nodes. Furthermore, an 

additional tributary soil mass, representing the soil enclosed within the pile and an equivalent 

column with the dimensions of the pile, is applied in the horizontal direction, as 

recommended by De Risi et al. (2018). 
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Finally, the transition piece is applied to the node at the centre of the component. On the 

other hand, the RNA mass and rotational inertia about the z-axis are lumped at the tower top 

node. 

3.4.5 Site Conditions   

The site conditions for the FE model were assumed based on those used for the validation 

of the INNWIND.EU reference jacket (von Borstel, 2013). This includes a water depth of 50m 

and the soil profile, which can be seen in Appendix G.  

3.4.6 Soil -Structure Interaction  

As previously mentioned, two SSI representations are considered for this model. For the first 

representation, the SSI is modelled through the use of nonlinear spring elements connected 

to the pile nodes. The model employs p-y, t-z, and q-z springs for the lateral resistance, the 

shaft-friction, and the tip bearing capacity, respectively. As done by Nath and Haldar (2025) 

the springs are connected every 1m to the embedded piles. The connection is done through 

zero-length elements connected to fixed soil nodes.  

The p-y relationship was established following the American Petroleum Institute (API) 

Recommended Practice 2A (API, 1993) for piles in sand. The resulting p-y curves are 

implemented using the OpenSees PySimple1 material. Similarly, the shaft resistance was 

based on the findings made by Mosher (1984) and defined in OpenSees using TzSimple1. 

Finally, the tip resistance was based on the relationship proposed by Vijayvergiya (1977) 

and implemented through the use of the QzSimple1 material. The detailed formulations, 

adopted parameter values, and the assumed soil profile are presented in Appendix G.  

Additionally, due to the use of the q-z springs to represent the compressive pile tip vertical 

resistance, a verification was performed to ensure tensile forces did not develop in these 

elements since it would lead to an unrealistic behaviour. To do so, the force time history of 

the tip spring elements was plotted and can be observed in Appendix I. The assessment 

proved the q-z springs only experienced tensile force. 

For the second SSI representation, the same p-y and t-z springs are utilised. However, the 

q-z springs are exchanged for vertically fixed pile tips. By doing so, the model simulates a 

stiff bearing layer which prevents the vertical movement of the pile end. By doing so, the 

response of the structure can be evaluated for different conditions, and the literature-based 

models can be validated against different scenarios. 

 

3.4.7 Environmental Loading   

In the model, only dynamic seismic and static wind loads are applied since other 

environmental loads, like waves, would lead to high complexities in implementation.  The 

wind load is implemented as two loads: a rotor thrust at the hub height, as well as the wind 

drag distributed along the tower height. The procedure followed to implement said loads can 

be seen in Appendix F.  

The seismic excitation is applied as a dynamic horizontal load at the base of the structure, 

assuming that all support nodes experience the same ground motion simultaneously. To do 
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this, the earthquake acceleration time history is based on the Chi-Chi 1999 earthquake, 

obtained from the PEER database for file ID RSN1492_CHICHI_TCU052 (Ancheta et al., 

2013). This record corresponds to a large magnitude earthquake in East Asia, providing a 

suitable input to study the structural response of OWT to a strong seismic event. 

Additionally, the Chi Chi 1999 record is widely used within the consulted OWT fragility 

literature, which supports its use for comparison with the developed component fragility 

curves. 

The acceleration record can be scaled to different PGA levels, allowing to maintain the 

characteristics of the seismic event while evaluating the response under different intensities. 

 

3.4.8 Damping  

The system energy dissipation during the seismic analysis is considered using Rayleigh 

damping. This method assumes that the damping matrix is a combination of the global mass 

and stiffness matrices, considering their respective damping coefficients. These coefficients 

were determined based on the first and sixth natural frequencies obtained from the modal 

analysis, as suggested by Akbarzadeh et al. (2025) and De Risi et al. (2018). Additionally, 

these studies suggest a target damping ratio of 3% to account for different damping 

contributions such as hydrodynamic, aerodynamic, and structural damping. After the 

damping coefficients are calculated, damping is applied globally using the OpenSees 

Rayleigh damping command. The damping matrix is calculated based on the last committed 

stiffness matrix, since employing the initial stiffness matrix can result in unreasonably high 

damping forces (Erduran, 2012). 

 

3.4.9 Static and Transient Analyses Setup  

In order to assess the structural response, both static and transient analyses were set up. 

The static analysis is used to establish the initial state of the OWT under permanent and 

static wind load. Gravity loads are applied to account for the self-weight of the different 

components. Then the described thrust and drag wind loads are applied. The equilibrium 

equations are solved iteratively, and the resulting configuration and internal force state are 

used as initial conditions of the subsequent dynamic analysis. The transient analysis is then 

performed to assess the response under seismic loading. The model records several 

structural response metrics which can be used to evaluate the damage to the structure. The 

model records several structural response metrics, including internal forces, mudline 

rotation, pile head displacement, tower-top displacement, acceleration, and rotation. In 

addition, an eigenvalue analysis is performed to determine the natural frequencies of the 

structure. 

The analyses are performed using a transformation constraint handler to enforce a 

relationship between degrees of freedom stably. Due to the relatively small size of the 

model, a banded general solver is employed together with Reverse Cuthill-McKee (RCM) 

numbering to improve computational efficiency (Scott 2026). 
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Convergence is tested with a tolerance of 10-5 and a maximum of 100 iterations per step. 

Nonlinear equilibrium is achieved employing the Newton-Line Search algorithm, which is 

more robust than the Newton-Raphson method since it adjusts the step length during the 

iterative process (Crisfield, 1991).  

For the static analysis, loads are applied incrementally to avoid non-convergence. For the 

transient analysis, the integration is done using the Newmark method with parameters 

gamma and beta equal to 0.5 and 0.25, respectively, which ensure unconditional 

convergence (Sarkar et al. 1999). These analyses allow us to solve the nonlinear response 

and obtain the required outputs to establish the structural behaviour of the structure when 

subjected to earthquake excitation.  

3.4.10 Validation  

In order to validate the model, a modal analysis was performed to verify that it follows the 

expected behaviour. According to the DNV-GL-ST-0126 (DNV, 2018), the first natural 

frequency must fall within the soft-stiff range, which ranges from 1P frequency plus 10% and 

3P frequency minus 10%. As seen in Table 3.7, the rotor frequency for the DTU 10MW 

turbine is 0.1-0.16 Hz, meaning that the soft-stiff range is 0.176-0.27 Hz. Nevertheless, the 

INNWIND.EU design report for the reference jacket reported a slightly higher first natural 

frequency of 0.286 Hz (von Borstel, 2013). 

The developed 2D model yields the natural frequencies shown in Table 3.9 and the modal 

shapes shown in Figure 3.9.  

Table 3.9: Natural Frequencies 

 Model with q-z springs Model with vertically fixed 

pile tips 

1st natural frequency  0.281 0.321 

2nd natural frequency  0.954 1.16 

3rd natural frequency  2.00 2.04 
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Figure 3.9: First (a), second (b), and third (c) mode shapes of the structure with q-z springs 

Comparing the modal shapes to the ones obtained by Ke et al. (2024) suggests the 

deformation is consistent with the behaviour expected for jacket-supported OWT. 

Additionally, while the natural frequency is slightly larger than the soft-stiff range proposed 

by the DNV, it is in accordance with what is reported by von Borstel (2013) for the same 

reference model. Therefore, the model is considered to provide a sufficiently realistic 

representation of the dynamic behaviour of the structure, given that the objective of the 

model is a preliminary comparison with the results from the fragility framework. 

 

Figure 3.10: First (a), second (b), and third (c) mode shapes of the structure with vertically fixed pile 
tips 

The modified configuration in which the pile toe is vertically fixed is treated as a sensitivity 

case used to evaluate the influence of increased stiffness of the foundation support in the 
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vertical direction. In turn, it is not validated as a completely different model, but a mode 

shapes and natural frequencies are compared with the original model to verify that it 

behaves as expected.  

Naturally, by fixing the pile tips, the overall stiffness of the system increases, leading to 

increased natural frequencies as seen in Table 3.8. However, as expected the natural 

frequencies are not drastically different, and the first natural frequency remains close to the 

soft-stiff range. Additionally, Figure 3.10 shows that the mode shapes remain similar to those 

presented in Figure 3.9 and those seen in the literature (Ke et al., 2024). In turn, it is inferred 

that the modification stiffens the structure but does not change the essential dynamic 

behaviour. Consequently, the vertically fixed tip model is considered adequate for evaluating 

a scenario with stiffer bearing resistance. 

3.4.11 FE Model Limitations  

Several assumptions were made to maintain the model at a manageable complexity. The 

model is represented by a 2D system, where only the jacket legs and tower consider 

material nonlinearity. The tower is linearly tapered, the transition piece is treated as an 

equivalent rectangular body, and the RNA is assumed as a lumped mass at the tower top. 

Furthermore, the behaviour of the elements is simplified by treating them as beams. 

Regarding soil, more advanced effects such as cyclic degradation are neglected. 

Additionally, wave loading is neglected, wind loading is simplified, and other considerations, 

such as blade dynamics, are not taken into account.  

While these assumptions allow for computational efficiency and a suitable representation of 

the dynamic behaviour, several limitations exist. For instance, the model does not consider 

important failure mechanisms such as buckling. The simplistic soil representation and 

environmental loading assumptions might also influence the response of the structure and 

provide a behaviour which is not completely in line with reality. Additionally, the use of only 

one earthquake record does not allow for capturing the record-to-record variability.  

Moreover, while the vertically fixed pile toe model can be used to provide insight into the 

influence of increased foundation stiffness, it is still an idealised extreme condition. A 

realistic soil layer would still deform under loading, which means the modified model might 

not fully capture the SSI in a realistic manner.  

Overall, the results obtained from the model should be taken as indicative values when 

subject to simplistic representative loading conditions and not a full seismic assessment. The 

FE model is a simplified framework to assess the results obtained from the fragility models 

and not a detailed structural simulation tool. 

3.4.12 Comparison Setup  

In order to directly compare between the FE simulations and the fragility-based vulnerability 
framework, the same engineering thresholds used to develop the component fragility 
functions for the 10MW jacket configuration are adopted. The engineering thresholds were 
discussed in Section 3.1.7. Using the same failure criteria ensures that the differences in 
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predicted damage states are attributed to the modelling approach and not the damage 
definition.  

The only exception is foundation collapse. For the fragility framework, foundation collapse is 
represented using a proxy, however, for the FE model, this failure mechanism is associated 
with yielding in the foundation since it provides a clear indicator of structural failure. The final 
engineering demand parameter thresholds used to assess the component failure modes in 
the FE model are seen in Table 3.10. 

Table 3.10: Engineering Thresholds per Failure Mode 

Failure Modes 10MW Jacket 

Nacelle Emergency Shutdown Top tower displacement of 0.5%H 

Generator Failure Top tower acceleration of 5 m/s2 

Inverter Failure Top tower acceleration of 10 m/s2 

Electrical System Failure Top tower acceleration of 15 m/s2 

Tower Repairable Damage 75% yield stress 

Tower Collapse Yielding 

Foundation Repairable Damage Mud line rotation of 0.2Á 

Foundation Collapse Yielding  

Blades Durability Reduction Top tower displacement of 1.25%H 

Blade-Tower Collision Top tower rotation of 2.5Á 

 

During the FE simulations, the engineering demand parameters are recorded. Nodal 

recorders provide the top tower displacement, top tower acceleration, top tower rotation, and 

mudline rotation, while fibre stress-strain recorders are used to determine the maximum 

stresses in the tower and jacket members. The maximum recorded value for each demand 

parameter is compared with the corresponding threshold in Table 3.10. If a threshold is 

exceeded, the associated failure mode is assumed to have occurred. The triggered 

component failure mode is then linked to a system damage state using the network 

established in Section 3.3.2. From the triggered damage states the most sever is chosen as 

the governing one. In turn, the FE model and the vulnerability framework follow the same 

sequence, connecting demand parameters, failure modes, and finally damage states.  

To assess the structure at different intensity levels, a conversion from Modified Mercalli 

Intensity (MMI) to PGA was carried out to establish relevant PGA bands.  These bands give 

a standardised classification that helps to assess if literature-based and FE simulations 

predict similar damage under the same level of earthquake intensity. To perform the 

conversion, the relationship proposed by HDI Risk Consulting (n.d.) was used. This 

relationship was selected because it is based on empirical studies from several regions, 

including Asia, Europe, North and Central America, making this conversion more globally 

representative than a region-specific relation. As the fragility database compiled in this study 

includes information from multiple geographical regions, this relationship was considered the 

most appropriate for establishing consistent PGA bands. The established bands can be seen 
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in Table 3.11. It is important to note that MMI levels below VI are excluded since they are not 

expected to produce damage. 

Table 3.11: MMI and PGA relationship (HDI Risk Consulting, n.d.) 

MMI PGA Band (g) 

VI 0.103-0.232 

VII 0.233-0.402 

VIII 0.403-0.746 

IX 0.747-1.206 

Ó X >1.206 

 

For each band, the FE seismic analysis is carried out for the minimum, median, and 

maximum PGA values of the interval. For instance, for MMI VI, the band ranges from 0.103g 

to 0.232g, so the FE model is run for 0.103g, 0.168g, and 0.232g. This allows for capturing 

the lower, moderate, and upper limit responses at each band, which enables a consistent 

comparison with the fragility-based results. 

For each simulation, failure modes and the associated damage states are established using 

the procedure described above. Additionally, as previously mentioned, a model with 

vertically fixed pile toes is also employed to look into the influence of a stiffer bearing layer. 

To achieve this, the vertical degree of freedom at the toe of each pile is restrained, while all 

other aspects remain identical to the reference model. This can then help to understand how 

the literature-based models compare to turbines in different site conditions. 



 

 

 

72 

 

 

 

Figure 3.11: FE Comparison Process 

The FE model's predictions are then compared with the most probable damage states and 

governing failure modes obtained from the Monte Carlo vulnerability analysis for the same 

PGA band. The overall comparison process can be seen in Figure 3.11. This comparison 

serves as a preliminary indication of how consistent the fragility-based modelsô results are in 

comparison with an FE model and, in turn, addresses the fourth research objective.  
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4 Results  

This chapter presents the results obtained by employing the methodology described in 

Chapter 3. First, the convergence diagnostics and sensitivity analyses of the Bayesian 

inference model are presented to evaluate the robustness of the framework. Section 4.2 

presents the resulting component fragility curves for the different turbine-foundation 

configurations. The consistency of these curves is evaluated using the sequential logic 

evaluation, and subsequently the resulting damage state probabilities are presented. Section 

4.5 shows the seismic response predicted by the FE model, while the comparison between 

the FE and literature-based results is presented in Section 4.6. Finally, the developed 

vulnerability functions are presented in Section 4.7. 

4.1 Convergence Diagnostics and Sensitivity Analysis  

The convergence diagnostics for the simulations can be seen in Appendix A. For most of the 

simulations done using the Bayesian inference model, the R-hat values lie between 1 and 

1.01, and the effective sample sizes usually exceed 1000.  

Divergences were observed in several simulations. Nevertheless, the number usually 

represented only a very small fraction of the total posterior samples. In a limited number of 

cases, like for the 5MW monopile foundation collapse and the 10MW tower collapse 

simulations, the number of divergences was comparatively higher. To assess the influence 

of these divergences, the simulations for the 10MW tower collapse failure mode were rerun 

with a higher target acceptance value. While this reduced the number of divergences, the 

resulting posterior distributions and fragility curves showed only minor differences compared 

with the original simulations, as illustrated in Figures 4.1a and 4.1b. Furthermore, the 

corresponding R-hat values and effective sample sizes continued to indicate satisfactory 

performance.  

 

 

(a) 

 

(b) 

Figure 4.1: Fragility curves for the 10MW jacket tower using target acceptance value of 0.9 (a) and 
0.95 (b) 
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A sensitivity analysis was conducted to evaluate the influence of the prior assumptions and 

the amount and variability of the available data on the posterior fragility curves. To do so, 

two cases were selected:  the 5MW and 10MW monopile tower repairable damage failure 

mode cases, which presented a higher and lower variability dataset, respectively. For each 

case, the analysis was conducted with the complete dataset and repeated using a reduced 

dataset containing only the four highest quality curves from the literature to inform each 

case.  

As previously mentioned, the population-level means ‘  and ‘  are assumed to follow 

normal distributions with standard deviations ί and ί equal to 0.5. Furthermore, the 

heterogeneity parameters, „  and „  are assumed to follow half-normal distributions 

with standard deviations †  and †  equal to 0.5. To evaluate these assumptions, the 

values of ί and  † are varied, and the resulting changes in the mean posterior fragility 

parameters were assessed. The values for ί and ί  were varied simultaneously to 

evaluate the overall sensitivity of the model to the assumed prior uncertainty rather than the 

sensitivity to each parameter. The same approach was followed for †  and †  to 

assess the modelôs sensitivity to the heterogeneity uncertainty.  

The main results of the analysis can be seen in the following figures. The numerical values 

for the analysis can be consulted in Appendix B.  

 

 

Figure 4.2: Sensitivity trends in theta parameter for: high variability - 10 curves (a), high variability - 4 
curves (b), low variability - 9 curves (c), and low variability - 4 curves (d) cases 
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Figure 4.3: Percentage change of theta w.r.t the base scenario for: high variability - 10 curves (a), 
high variability - 4 curves (b), low variability - 9 curves (c), and low variability - 4 curves (d) cases 

 

 

Figure 4.4: Sensitivity trends in beta parameter for: high variability - 10 curves (a), high variability - 4 
curves (b), low variability - 9 curves (c), and low variability - 4 curves (d) cases 
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Figure 4.5: Percentage change of beta w.r.t the base scenario for: high variability - 10 curves (a), high 
variability - 4 curves (b), low variability - 9 curves (c), and low variability - 4 curves (d) cases 

Figures 4.2 and 4.4 present the posterior median intensity parameter theta and the posterior 

dispersion parameter beta obtained for each sensitivity scenario, while Figures 4.3 and 4.5 

show the percentage changes compared to the base scenario.  For all datasets, increasing 

either the prior standard deviation or the heterogeneity standard deviation resulted in only 

minor changes to the posterior parameters. In contrast, reducing s to 0.05 yields the largest 

changes to theta and beta in most cases.  

Furthermore, the results indicate that a reduction in † has a discernible effect in the higher 

variability cases, while no large change is seen for the posterior parameters for the lower 

variability cases. 

 Datasets with a larger difference generally showed larger changes in the posterior 

parameters when the prior assumptions were modified.  In particular, when a low s  value is 

assumed for a case with a large discrepancy between the best and the literature average 

parameters, the resulting shift in the posterior is quite large. 
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Figure 4.6: Percentage change of credible interval (CI) w.r.t the base scenario for: high variability - 10 
curves (a), high variability - 4 curves (b), low variability - 9 curves (c), and low variability - 4 curves (d) 
cases 

Additionally, reducing the number of curves moderately increased the uncertainty. For the 

higher variability case, the average credible interval width increased from 31.6% to 35.5% 

when the number of curves was reduced from ten to four. For the lower variability case the 

increase was from 9% to 12.2%. Furthermore, reducing either s or † generally led to 

substantial reductions in the credible interval width.  

4.2 Component Fragility Curves  

The component fragility curves obtained using the best curve approach and the Bayesian 

inference framework are presented fully in Appendix C and are described herein. Due to 

space constraints, only the curves for the 5MW monopile configuration are presented as 

figures in the following text, as representative cases.  

4.2.1 5MW Monopile  

The results for the 5MW monopile configuration seen in Figures 4.7 and 4.8 suggest a 

proper progression from the lower fragility curves to the higher damage states.  The curves 

generated with the Bayesian inference model preserve the overall behaviour observed in the 

best curves while incorporating the uncertainty arising from the literature. 
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(a) 

 

(b) 

 
(c) 

 

(d) 

Figure 4.7: Best Curves for 5MW monopile nacelle (a), tower (b), foundation (c), and blades (d) 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 4.8: Bayesian derived curves for 5MW monopile nacelle (a), tower (b), foundation (c), and 
blades (d) 
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Overall, the credible intervals remain relatively narrow. Nevertheless, the tower repairable 

damage and collapse failure modes present wider credible intervals. The results also 

highlight generator failure and blade durability reduction, reach exceedance probabilities 

higher than 80% for PGA values above approximately 0.75g, making them the most 

vulnerable curves out of all the repair mechanisms. Similarly, blade-tower collision presents 

the most vulnerable replacement mechanism, reaching high exceedance probabilities for 

PGA values larger than 1.5g.  

4.2.2 10MW Monopile  

The Bayesian-derived component fragility curves for the 10MW configuration exhibit similar 

behaviour to the selected best curves. The progression of these curves is not entirely logical, 

since the tower failure modes do not follow a logical sequence. For most components, the 

uncertainty is quite large. Furthermore, the proxy used for the foundation collapse curve 

presents very low exceedance probabilities at high PGA values. Additionally, the results 

suggest that bladesô durability reduction and blade-tower collision reach higher exceedance 

probabilities at lower PGA values compared to other repair and replacement failure 

mechanisms.  

4.2.3 15MW Monopile  

The results for the 15MW monopile configuration present two cases where the expected 

fragility logic is not followed, namely the curves for the nacelle and tower failure modes. Like 

the 10MW monopile configuration, the credible intervals are relatively wide. Additionally, the 

foundation collapse is once again presenting low exceedance probabilities even for high 

PGA values. Furthermore, the blades present the most vulnerable curves for both the repair 

and replacement states. 

4.2.4 5MW Jacket  

For this configuration, the posterior mean curves generated with the Bayesian inference 

maintain the expected progression between failure mechanisms but present wide credible 

intervals for all component failure modes. Furthermore, the curves also suggest foundation 

reaches the highest probabilities for the lowest PGA values compared to all repair and 

replacement mechanisms.  

4.2.5 10MW Jacket  

The 10MW jacket configuration posterior mean curves are in good agreement with the best 

curves and follow the correct sequence. The nacelle, tower, and foundation components 

have a wide credible interval. In contrast, the bladesô curves present relatively lower 

uncertainty. Foundation repairable damage is the first repair mechanism to reach higher 

exceedance probabilities, with exceedance probabilities above 80% reached for PGA values 

greater than approximately 0.63g. Blade-tower collision is the most vulnerable curve out of 

all failure modes, leading to replacement.  
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4.2.6 15MW Jacket  

For the 15MW jacket, both the nacelle and bladesô fragility functions violate the sequential 

logic. Again, for all cases, present relatively high uncertainty. Among the failure mechanisms 

linked to repair, blade durability reduction and foundation repairable damage present the 

highest vulnerability. For replacement, the blade-tower collision curve reaches high 

exceedance probabilities at lower PGA values than the remaining failure mechanisms.  

While the replacement state is likely to be triggered by a blade-tower collision, a repair is 

dominated by both the foundation and the blades. In this case, since the blade-tower 

collision is proxy-based on another configuration, this conclusion should be considered with 

caution.  

4.3 Sequential Logic Assessment  

From the obtained component fragility functions, it is clear that several failure mode 

combinations resulted in a relationship that did not satisfy the expected sequential logic. To 

investigate the origin of these inconsistencies, several analyses were conducted.  

First, the number of posterior draws was increased from 10000 to 20000 to evaluate if the 

illogical behaviour was associated with insufficient sampling. Second, in the cases where 

there was sufficient literature data, the Bayesian analysis was repeated with a reduced 

dataset of only four curves. Finally, an additional exploratory analysis was performed for one 

representative case where the prior standard deviation was reduced to 0.05. This was not 

intended as a calibration process but rather to find out whether the inconsistency could be 

removed with an informative prior. 

The cases concerning logic violations are presented in subsection 4.3.1, while the main 

results of the analysis on the source of these inconsistencies are shown in subsection 4.3.2, 

and the detailed numerical values of the analysis are provided in Appendix D.  

4.3.1 Logic Violations  

Following the assessment, five cases were identified for which the developed fragility curves 

violate the sequential logic. The developed fragility curves can be seen in Figures 4.9 to 

4.13.  

 

(a) 

 

(b) 

Figure 4.9: Best (a) and Bayesian derived (b) curves for the 10MW monopile tower 



 

 

 

81 

 

 

 

(a) 

 

(b) 

Figure 4.10: Best (a) and Bayesian derived (b) curves for the 15MW monopile nacelle 

 

(a) 

 

(b) 

Figure 4.11: Best (a) and Bayesian derived (b) curves for the 15MW monopile tower 

 

(a) 

 

(b) 

Figure 4.12: Best (a) and Bayesian derived (b) curves for the 15MW jacket nacelle 
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(a) 

 

(b) 

Figure 4.13: Best (a) and Bayesian derived (b) curves for the 15MW jacket blades 

For the 15MW monopile and jacket configurations, the inverter failure curve tends to flatten 

and shift downwards with respect to the best curve. This suggests that for these cases, the 

observed data suggests a less vulnerable behaviour than the prior assumption. In contrast, 

in both cases, the electrical system failure curve does not shift downwards, but rather 

maintains the overall trend followed by the best curve. This leads to an illogical configuration, 

suggesting the electrical system is more likely to fail than the inverter.  

In the case of the 10MW monopile, both the tower repairable damage and the tower collapse 

curves tend to shift downward. Nevertheless, this change is not equal in both cases. 

Consequently, the tower collapse appears to be more probable for PGA values lower than 

1g, which is physically unrealistic.  

Similarly, the 15MW monopile tower repairable damage curve shifts down as the observed 

curves suggest a less vulnerable behaviour compared to the selected representative curve. 

As a result, the failure mode is less vulnerable compared to tower collapse, violating the 

logical setup. 

Finally, while the inconsistency is small, the 15MW jacket blade fragility curves also present 

an illogical result. In this case, the inference process reduces the vulnerability of the blade 

durability reduction curve, consequently making the probability of this failure mode less likely 

compared to blade-tower collision for PGA values higher than 1g, which is a physically 

unreasonable conclusion.  

4.3.2 Assessment of the Sources of Illogical Ordering  

In order to test if the illogical ordering could be solved, the number of drawn posterior 

samples was doubled. From Figures 4.14b, 4.15b, 4.15, and 4.16, it can be seen that an 

increase in the number of posterior samples still maintains the illogical sequential logic in 

every case. Comparing the parameter values for the original case and increased sampling 

scenarios shows that there are negligible changes, with parameters changing by around 

0.2%.  
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(a) (b) 

Figure 4.14: Posterior curves using only 4 highest quality curves (a) and increasing sampling to 20000 
(b) for the 10MW monopile tower fragility curves 

 

(a) 

 

(b) 

Figure 4.15: Posterior curves using only 4 highest quality curves (a) and increasing sampling to 20000 
(b) for the 15MW monopile tower fragility curves 

 

 

Figure 4.16: Posterior curves obtained by increasing sampling to 20000 for the 15MW monopile 
nacelle inverter and electrical system failure fragility curves 
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(a) 

 

(b) 

Figure 4.17: Posterior curves obtained by increasing sampling to 20000 for the 15MW jacket blades 
(a) and nacelle inverter and electrical system failure fragility curves (b) 

 

Figure 4.18: Exploratory assessment reducing prior standard deviation to 0.05 for the 10MW monopile 
tower fragility curves 

The effect of using only the highest quality curves was also tested. Results show that while 

repeating the inference with only the highest quality curves does change the resulting 

posterior fragility curves, they still maintain the inconsistencies, as seen in Figures 4.14a and 

4.15a. In contrast, the exploratory assessment in which the prior standard deviation was 

reduced to 0.05 for Bayesian inference concerning the 10MW monopile tower fragility curves 

does change the curves and presents the expected logical sequence.  

The Bayesian inference cases which showed logical inconsistencies are not used in the 

subsequent analyses. The following section presents the most common damage states and 

vulnerability results based on the best curve approach, while the Bayesian inference results 

are included only when the logical order is correct. 

4.4 Damage State Results  

Understanding the dominant damage scenarios is key since knowing the governing failure 

modes and damage states provides insight into the expected progression of damage as the 
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earthquakes intensify and helps determine which components are most likely to contribute to 

losses. 

The most common damage scenarios were obtained by running the Monte Carlo framework 

based on both the Bayesian inference and the best component fragility curves. To do so, the 

MMI to PGA relationship seen in Table 3.11 was used as it ensures representative intensity 

levels for increasing expected damage.  It is important to note that the results of the 

simulations using the Bayesian posterior curves that did not meet the sequential order are 

not considered, since they do not present the logical failure progression. Table 4.1 shows 

the predicted most common damage scenarios for each configuration and PGA band and 

their respective occurrence probabilities.  

 

Table 4.1: Most common scenario per PGA band with the respective occurrence probability for each 
configuration 

 
MMI VI VII VIII IX ӄñ 

 
PGA 
Band (g) 

0.103-0.232 0.233-0.402 0.403-0.746 0.747-1.206 1.207-2 

5MW 
Monopile  

Best 
Curve 

Shutdown 
(Nacelle 
Emergency 
Shutdown) 

Shutdown 
(Nacelle 
Emergency 
Shutdown) 

Repair 
(Generator 
Failure) 

Replacement 
(Foundation 
Collapse) 

Replacement 
(Blade-Tower 
Collision + 
Foundation 
Collapse) 

 
54.7 21.9 15.12 18.7 22.8 

Bayesian  Shutdown 
(Nacelle 
Emergency 
Shutdown) 

Shutdown 
(Nacelle 
Emergency 
Shutdown) 

Replacement 
(Blade-Tower 
Collision) 

Replacement 
(Blade-Tower 
Collision) 

Replacement 
(Blade-Tower 
Collision + 
Tower 
Collapse) 

 
75.7 65.6 13.3 24.8 29.7 

10MW 
Monopile 

Best 
Curve 

Shutdown 
(Nacelle 
Emergency 
Shutdown) 

Repair (Blade 
Durability 
Reduction) 

Repair (Blade 
Durability 
Reduction) 

Replacement 
(Blade-Tower 
Collision) 

Blade-Tower 
Collision + 
Tower 
Collapse 

 
68.3 65.2 28.3 34.8 34.9 

15MW 
Monopile 

Best 
Curve 

Shutdown 
(Nacelle 
Emergency 
Shutdown) 

Repair (Blade 
Durability 
Reduction) 

Repair (Blade 
Durability 
Reduction + 
Foundation 
Repairable 
Damage) 

Replacement 
(Tower 
Collapse) 

Replacement 
(Blade-Tower 
Collision) 
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62 51.3 19.5 19.3 24.9 

5MW 
Jacket 

Best 
Curve 

No Damage No Damage Shutdown 
(Nacelle 
Emergency 
Shutdown) 

Repair (Blade 
Durability 
Reduction + 
Foundation 
Repairable 
Damage) 

Replacement 
(Tower 
Collapse) 

 
95.7 59.8 35.8 20.5 22.8 

Bayesian No Damage Shutdown 
(Nacelle 
Emergency 
Shutdown) 

No damage  Repair 
(Foundation 
Repairable 
Damage) 

Replacement 
(Foundation 
Collapse) 

 
96.4 77.2 30.2 16.6 18.4 

10MW 
Jacket 

Best 
Curve 

No Damage Shutdown 
(Nacelle 
Emergency 
Shutdown) 

Replacement 
(Blade-Tower 
Collision) 

Replacement 
(Blade-Tower 
Collision) 

Replacement 
(Blade-Tower 
Collision + 
Tower 
Collapse) 

 
71.4 51.8 32.5 53.1 46.9 

Bayesian No Damage  No Damage Repair 
(Foundation 
Repairable 
Damage) 

Replacement 
(Blade-Tower 
Collision) 

Replacement 
(Blade-Tower 
Collision + 
Tower 
Collapse) 

 
87.8 47.7 29.3 36.3 30.6 

15MW 
Jacket 

Best 
Curve 

No Damage Repair (Blade 
Durability 
Reduction) 

Replacement 
(Blade-Tower 
Collision) 

Replacement 
(Blade-Tower 
Collision + 
Tower 
Collapse) 

Replacement 
(Blade-Tower 
Collision + 
Tower 
Collapse) 

 
45.8 53.9 51.1 40.7 52.9 

 

For the 5MW monopile-supported turbine, lower PGA bands are dominated by a nacelle 

emergency shutdown, while at higher intensities blade-tower collision and foundation 

collapse become the key drivers of replacement level damage. The results show that for the 

10 and 15MW monopile configurations, shutdown is also key at the lowest band, it quickly 

changes to repair due to blade durability reduction issues. The damage continues to 

increase with tower collapse and blade-tower collision governing the highest PGA bands and 

leading to replacement.  



 

 

 

87 

 

 

For the jacket configurations, shutdowns tend to be less prominent, with no damage 

becoming the governing state for the lower PGA bands for most of all configurations. While 

the 5 MW jacket stays at the no damage state up to MMI VII and only needs replacement at 

the highest MMI category, the 10 and 15MW cases stay at no damage or shutdown category 

at low intensity levels and reach replacement level damage at either MMI VIII or IX. For 

jacket-supported turbines, foundation repairable and blade durability reduction drive repair 

needs, while replacement-level damage is mostly triggered by blade-tower collision or tower 

collapse.  

The results also highlight that in the low or high PGA bands, the Bayesian and best curve 

approaches tend to predict the same damage states. At moderate intensities, they differ, 

with one tending towards no damage, and the other to shut down or one to repair and the 

other to replacement. Furthermore, in certain cases, the approaches also tend to predict 

different triggering component failure modes, even in cases where the predicted damage 

state is the same. For instance, at MMI IX, using the best curves, the prediction is 

replacement due to foundation collapse, while the results using the Bayesian posterior 

fragility curves show blade-tower collision leads to replacement.  

Overall, the results show that through the dominant damage scenarios, the framework is 

capable of showing the expected progression of damage and the components which can 

contribute most to the expected losses. 

4.5 FE Response 

In order to evaluate if the FE model produces reasonable responses, specific time history 

and frequency domain responses are presented. The results are shown for the reference 

model using q-z springs as well as the vertically fixed pile tip representation.  

4.5.1 Results for  the  Model using q -z springs  

Figures 4.20, 4.21, and 4.22 present the top tower displacement, top tower acceleration, and 

mudline rotation throughout the simulations for earthquakes of 0.103 and 0.75g PGAs. 

Furthermore, the acceleration time history of the scaled earthquakes can be seen in Figure 

4.19. Additionally, Figure 4.23 shows the comparison between top tower acceleration and 

input ground motion acceleration in the frequency domain. 
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(a) 

 

(b) 

Figure 4.19: Acceleration time history for the employed earthquake with PGA of 0.103g (a) and 0.75g 
(b) 

 

(a) 

 

(b) 

Figure 4.20: Top tower displacement time history for an earthquake with PGA of 0.103g (a) and 0.75g 
(b) 

 

(a) 

 

(b) 

Figure 4.21: Top tower displacement time history for an earthquake with PGA of 0.103g (a) and 0.75g 
(b) 
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(a) 

 

(b) 

Figure 4.22: Mudline rotation displacement time history for an earthquake with PGA of 0.103g (a) and 
0.75g (b) 

 

 

(a) 

 

(b) 

Figure 4.23: Frequency content of input motion and structural response for an earthquake with a PGA 
of 0.103g (a) and 0.75g (b) 

The top tower displacement and mudline rotation time history plots suggest an accumulation 

of permanent deformation following the peak of the earthquake, irrespective of the PGA 

scenario. The top tower acceleration shows the highest values during the period of highest 

ground motion, and then decreases as the earthquake intensity reduces.   

Figure 4.23-a shows that the structural response follows the frequency content of the input 

ground motion. Around the first natural frequency, the model presents the highest amplitude. 

For the stronger earthquake, the response shown in Figure 4.23-b highlights a much lower 

response close to the first natural frequency and instead shows higher amplitudes between 

0.3 and 0.75 Hz, where the ground motion also peaks.  

4.5.2 Results for the Vertically Fixed Pile Toes  Model  

Figures 4.24 to 4.27 present the response obtained using the modified SSI representation 

with a vertically fixed pile toe.  
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(a) 

 

(b) 

Figure 4.24: Top tower displacement time history for an earthquake with PGA of 0.103g (a) and 0.75g 
(b) 

 

(a) 

 

(b) 

Figure 4.25: Top tower displacement time history for an earthquake with PGA of 0.103g (a) and 0.75g 
(b) 

 

(a) 

 

(b) 

Figure 4.26: Mudline rotation displacement time history for an earthquake with PGA of 0.103g (a) and 
0.75g (b) 
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(a) 

 

(b) 

Figure 4.27: Frequency content of input motion and structural response for an earthquake with a PGA 
of 0.103g (a) and 0.75g (b) 

Figures 4.24-a and 4.26-a suggest that for the lower PGA earthquake, the modified model 

oscillates around initial values and presents negligible permanent deformation at the tower 

or foundation. For the 0.75g seismic event, Figures 4.24-b and 4.26-b show that the 

response is much larger, and certain permanent deformation develops after the earthquake 

peak. Moreover, similar to the soft soil setup, the top tower acceleration reaches a maximum 

as the earthquake intensity is at its highest and then decays.  

The frequency domain plots suggest that irrespective of the PGA, the modified model peaks 

close to the first natural frequency. In contrast to the model using q-z springs, the vertically 

fixed toe model, the top tower acceleration does not follow the ground motion as closely over 

the presented frequency range.  

4.6 Comparison between FE and Literature -Based Models  

Table 5 presents the most severe damage states reached per PGA band for the FE model 

simulations. Additionally, Table 4.2 shows the most common damage scenarios for a 10MW 

jacket configuration based on the models employing the best curves and the Bayesian 

inference to generate the component fragility curves. The most common scenarios are 

shown with their respective probability. The numerical results of the FE simulations can be 

seen in Appendix H. 

 

Table 4.2: Comparison between FE and literature-based results 

PGA 

Band (g) 

FE Model with q-

z springs 

FE model with 

vertically fixed 

toe 

Bayesian 

Inference Model  

Best Curves 

Model 

0.103-

0.232 

- Repair due to 

blade durability 

reduction 

- Repair due to 

foundation 

- Shutdown due 

to nacelle 

emergency 

shutdown 

- Repair due to 

blade durability 

- No damage 

(87.8%) 

- Shutdown due 

to nacelle 

- Shutdown due to 

nacelle 

emergency 

shutdown (54.7%) 
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repairable 

damage at the 

upper end of the 

range 

reduction at the 

upper end of 

the PGA range 

emergency 

shutdown (10.6%) 

- No damage 

(43.88%) 

0.233-

0.402 

- Repair due to 

blade durability 

reduction 

- Repair due to 

foundation 

repairable 

damage  

- Replacement 

due to blade-

tower collision at 

the upper end of 

the range 

- Repair due to 

blade durability 

reduction 

- Repair due to 

generator 

failure or 

foundation 

repairable 

damage at the 

median PGA 

value 

- No damage 

(47.73%) 

- Shutdown due 

to nacelle 

emergency 

shutdown (32.3%) 

- Repair due to 

foundation 

repairable 

damage (11.3%) 

- Shutdown due to 

nacelle 

emergency 

shutdown (54.6%) 

- No damage 

(21.9%) 

 

0.403-

0.746 

-Replacement 

due to blade-

tower collision  

- Repair due to 

blade durability 

reduction, 

generator 

failure, tower or 

foundation 

repairable 

damage 

- Replacement 

due to blade-

tower collision 

- Repair due to 

foundation 

repairable 

damage (20.71%) 

- Replacement 

due to blade-

tower collision 

(20.7%) 

- Shutdown due 

to nacelle 

emergency 

shutdown (18.3%) 

- Repair due to 

generator failure 

(15.21%) 

- No damage 

(12.51%) 

- Repair due to 

blade durability 

reduction 

(10.47%) 

0.747-

1.206 

- Replacement 

due to blade-

tower collision 

- Probable 

replacement due 

to foundation 

collapse 

- Replacement 

due to blade-

tower collision 

or tower 

collapse 

- Replacement 

due to blade-

tower collision 

(36.29%) 

- Replacement 

due to foundation 

collapse (18.7%) 

- Replacement 

due to blade-

tower collision 

(16.6%) 

1.207-2.0 - Replacement - Replacement 

due to blade-

tower collision 

or tower 

collapse 

-  Replacement 

due to either 

blade-tower 

collision, tower or 

foundation 

collapse (95.88%) 

- Replacement 

due to either 

blade-tower 

collision, tower or 

foundation 

collapse (90.45%) 
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For the lowest PGA band, representative of MMI level VI, the FE models exceed the 

emergency shutdown condition for the nacelle. While the more flexible model shows the 

durability reduction limit for the blades is exceeded, the stiffer FE model suggests it is only 

exceeded at the upper end of the PGA range. The results presented by the literature-based 

fragility models suggest that no damage or a temporary shutdown remains as the most 

probable scenario, while repair has a probability of less than 1.5% for both the best curve 

and Bayesian inference models.  

As the earthquake intensity is scaled to fall within the second PGA band, the response 

intensifies. With a PGA of 0.3175g, the generator fails as the top tower acceleration 

surpasses 5m/s2 for both SSI representations. Additionally both FE scenarios suggest repair 

due to a durability reduction in the blades or repairable damage in the foundation is bound to 

happen. Nevertheless, only the more flexible model suggests that by the end of the PGA 

range, the rotational threshold for blade-tower collision is exceeded. Consequently, the 

repair is seen at the lower and mid values of the band, while replacement is seen at the 

upper end. For the stiffer representation, repair governs the entire band. The fragility models 

predict a transition towards repair-level damage. However, they still identify no damage or 

shutdown as the most likely scenarios.  

For the third band, due to the top tower rotation exceeding 2.5º, blade-tower collision is 

predicted by the model using q-z springs, which entails the replacement damage state 

dominates. For the model employing a vertically fixed toe, repair dominates the lower end of 

the PGA range, while for mid- to higher PGA values, the simulations yield blade-tower 

collision and tower collapse. The fragility-based results show for this band repair dominates 

while replacement probabilities have increased substantially from the previous band. The 

Bayesian inference model suggests 20.7% of the simulations lead to a blade-tower collision, 

which shows certain agreement with the results from the FE model.  

For the model using q-z springs, the analyses using a PGA band beyond 0.747g could not 

be carried out. For instance, while testing the response to a 0.977g earthquake, the analysis 

failed to converge at around 81s. The peak of the seismic event occurs at around 35s and 

initially produces a coherent response. However, even as the ground motion reduces, the 

top tower displacement continues to drastically increase. One of the lower jacket leg 

elements reaches yield stress at approximately 75s. Past this point, the stress presents large 

oscillations until the convergence failure occurs. Nevertheless, due to the behaviour seen 

during the simulation before the failed convergence, such as large displacements beyond 

20m for the tower top and yielding of the jacket leg elements, it can be assumed that past a 

PGA value of 0.977g, the structure likely collapses due to the foundation or fails due to a 

blade-tower collision.  In turn, for earthquakes with PGA values within band four or five, the 

OWT is assumed to need replacement for the more flexible setup.  

For the vertically fixed tip model, convergence was achieved for all simulations. The results 

suggest that replacement governs the higher PGA bands, with the thresholds for the blade-

tower collision and tower collapse being exceeded.   

Similarly, the results of the simulations from the literature-based model suggest that for the 

fourth and fifth bands, the dominant damage state is replacement. Both the model based on 

the best curves and the Bayesian inference model suggest that the most common scenarios 

are foundation collapse and blade-tower collision. 
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Overall, the fragility and FE models tend to agree more for the higher intensities. Moreover, it 

is also evident that the literature-based results are more in line with those obtained by the 

stiffer FE representation. Additionally, all models show a proper progression from the lower 

damage states at lower PGA levels to replacement-dominated behaviour at the higher 

intensities.  

4.7 Vulnerability Results  

Figures 4.28 and 4.29 present the vulnerability curves obtained for the different turbine-

foundation configurations. As expected, the results show an increase in the expected loss 

ratio as the earthquake intensity increases. 

For the monopile-supported turbines, all configurations show a gradual increase in 

vulnerability as PGA increases. The three different capacity turbines present minor 

differences. For instance, the 10 and 15MW turbines appear to be more vulnerable to lower 

PGA values, since the expected loss ratio starts increasing at PGAs lower than 0.25g. 

Nevertheless, as the earthquake intensifies, the 5 and 10MW curves start to follow a closer 

behaviour, ending in similar loss ratios. In contrast, the 15MW turbine expects comparatively 

lower losses for higher PGA values.  

 

(a) 

 

(b) 

 

 

(c) 

 

 

(d) 
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(e) 

 

 

(f) 

Figure 4.28: Vulnerability curves obtained with the best curve approach for the 5MW monopile (a), 
5MW jacket (b), 10MW monopile (c), 10MW jacket (d), 15MW monopile (e), and 15MW jacket (f) 
configurations 

 

(a) 

 

(b) 

 

 

(c) 

Figure 4.29: Vulnerability curves obtained with the Bayesian inference approach for 5MW monopile 
(a), 5MW jacket (b), and 10MW jacket (c) configurations 
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Similar to the monopile-supported 15MW turbine, the 15MW jacket configuration shows a 

higher expected loss at low PGA values in comparison to the other configurations. In 

contrast, the 10MW jacket only starts to present an increase in expected loss ratio past 

0.25g. Additionally, the 10MW and 15MW jackets demonstrate a steep increase in losses at 

approximately 1g.  The 5MW jacket presents a less vulnerable behaviour as the curve 

gradually increases to reach a value less than 0.6 at 2g.  

The curves for all cases could not be obtained using the Bayesian inference fragility curves 

since not all fragility results followed the logical sequential order between failure modes. 

Nevertheless, the obtained vulnerability curves generally follow the same trend as the curves 

derived with the best fragility functions.  Minor differences can be seen in the shape and the 

slope of the curves. For the 5MW monopile case, the Bayesian inference approach predicts 

a steeper increase and slightly higher loss ratios. For the 5MW jacket, the Bayesian 

inference model yields lower expected ratios. Similarly, it also presents lower ratios for the 

10MW jacket configuration, as well as a more gradual increase.  

For all configurations, the credible intervals are wide and tend to increase with PGA. The 

results based on the Bayesian inference fragility curves present larger uncertainty bands at 

low to moderate PGA values, while the width is similar for higher intensities. 

It is important to note that, unlike the component fragility curves, vulnerability curves do not 

follow a cumulative lognormal function shape. They represent the expected loss ratio, which 

is obtained by combining the probabilities of multiple damage states and their associated 

loss ratios through the Monte Carlo simulation framework, so the resulting shape depends 

on the evolution of damage probabilities and not the exceedance probability of a single 

damage state.   
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5 Discussion  

5.1 Convergence Diagnostics Implications  

The convergence diagnostics results demonstrate that the Bayesian inference framework 

yields reliable estimates for the component fragility curves. The R-hat values being one or 

close to it and the large ESS results suggest that the MCMC sampling is running 

appropriately and converging towards a high-quality approximation of the posterior 

distribution.  

Although in some cases the divergences suggest certain regions of the posterior distribution 

are more difficult to explore, they do not appear to affect the developed component fragility 

curves substantially. In turn, the posterior mean curve estimates are considered to be 

sufficiently robust for the purpose of this thesis.  

It is important to note that increasing the target acceptance value was not adopted for all 

simulations since it can reduce sampling efficiency, leading to lower effective sample sizes. 

For example, running the 10MW jacket generator failure simulation with target acceptance of 

0.9 and 0.95 proved that increasing this value reduces the divergences, but at the same 

time, it reduces the bulk effective sample sizes to fewer than 100, while also increasing the 

R-hat value past 1.03. Therefore, the model settings were maintained as they provide a 

balanced assessment of all convergence diagnostics while considering the purpose of the 

study.  

5.2 Influence of Modelling Assumptions and Input Data  

The sensitivity analysis highlighted important results and trends of the Bayesian Inference 

model. For instance, the results suggest the Bayesian framework is relatively insensitive to 

increases in prior uncertainty, since increasing the prior standard deviation or heterogeneity 

standard deviation resulted in small changes. However, the large deviations seen with a 

reduction of s, especially for the higher-variability cases, highlight certain sensitivity to highly 

informative priors. For the higher-variability cases, the posterior mean curve shifts 

considerably towards the best curve used for the prior, whereas for the lower-variability 

datasets, this effect remained smaller.  

This behaviour is expected, as a smaller prior standard deviation increases the importance 

of the prior information relative to the literature observations, so the curve shifts towards the 

prior. However, with lower variability in the observations, the data still has a strong influence 

on the posterior estimates, preventing the posterior curve from fully mirroring the prior.  

Furthermore, the effect seen in higher variability cases with the reduction of † reflects the 

role of the heterogeneity prior in controlling the amount of variability that the model assumes 

between individual studies. A lower value assumes that the studies are relatively 

homogeneous and therefore limits the amount of variability the model attributes to 

differences between studies.  Consequently, for the high variability case, an assumption of † 

equal to 0.05 conflicts with the substantial disagreement observed among the input data, 
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leading the model to reconcile the inconsistency with large shifts in the posterior parameter 

estimates. In contrast, the lower variability cases already exhibited limited dispersion 

between studies, making the assumption of low † consistent with the available evidence and 

therefore resulting in negligible changes to the posterior estimates. 

The analysed cases also suggest that the sensitivity of the results may depend on the 

difference between the best curve and the remaining literature observations, since cases 

with a higher difference showed larger changes when the priors were modified. Especially a 

low s  value for these cases resulted in a large shift in the posterior parameters since the 

posterior was forced to move more to reach the prior best curve.  

The results indicate that while the number of curves influences uncertainty, between-study 

heterogeneity appears to be the dominant factor since the high variability cases have a 

considerably larger credible interval than their lower variability counterparts. Even the case 

with a few literature curves produced a narrow credible interval. In turn, if studies are 

sufficiently consistent, the uncertainty is strongly reduced.  

Finally, the sensitivity analysis demonstrated a clear relationship between the prior 

assumptions and the posterior uncertainty, with lower s and † values decreasing the credible 

interval. This proves that more informative priors constrain the range of plausible solutions 

and, in turn, reduce the uncertainty. Additionally, larger values of  † , particularly for the 

datasets with few curves, produce moderate increases in the uncertainty. The larger † allows 

greater differences between studies to be considered plausible, and with few observations 

informing the model, the data provides less evidence to constrain the between-study 

variability. Consequently, a wider range of parameter values becomes credible, which leads 

to wider credible intervals. 

In general, based on the sensitivity analysis, the Bayesian framework appears to be 

relatively robust to reasonable prior assumptions, with changes to s  and †  resulting in 

minimal impacts on the posterior parameter estimates. Large changes occurred only in 

cases of using highly informative priors or when low heterogeneity assumptions contradicted 

the high variability in the input information. In addition, uncertainty appears to be more 

influenced by the amount of between-study variability rather than by the absolute number of 

input curves. Overall, these results offer confidence regarding the logic of the Bayesian 

framework as well as its ability to generate reliable fragility estimates considering the 

uncertainty associated with the available literature data.  

5.3 Interpretation of Fragility Results  

In general, the Bayesian inference framework preserved the behaviour of the best curves 

while updating to accommodate the observed literature curves and account for the related 

uncertainty. Configurations informed by larger, consistent datasets, such as the 5MW 

monopile, generally present narrower credible intervals and follow the expected sequential 

logic. In contrast, failure modes such as those related to jacket configurations have a lower 

number of curves informing the model and consequently have wider posterior credible 

intervals. Nevertheless, as the sensitivity analysis suggested, between-study variability is 

also key regarding uncertainty. For instance, cases such as the 10 and 15MW monopile 
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tower failure mechanisms have a moderate amount of data. However, the variability leads to 

wider credible intervals in these cases. 

The behaviour of the proxy functions also influences the results. For the jacket configuration, 

the foundation collapse proxies generally follow the expected relation suggested by Ke et al. 

(2024), where severe damage is more likely to occur to the tower than to the jacket. This is 

observed for the 10 and 15MW jacket configurations. However, for the 5MW jacket, the 

foundation collapse proxy is more vulnerable than the tower collapse curve, which suggests 

the proxy may be an overconservative assumption for this configuration. For the 10 and 

15MW monopile configurations, the foundation collapse proxies follow the expected 

sequential logic, but present low exceedance probabilities even at high PGA values. While 

this is possible, it might be better to verify this function in future research to ensure it is not 

underestimating the fragility of this failure mechanism. Additionally, there is a logical 

inconsistency for the 15MW jacket blades, in which a blade-tower collision proxy was used. 

In addition, the proxies present the most vulnerable replacement mechanism for most 

configurations. Therefore, while proxies allowed missing failure mechanisms to be included, 

they also introduced important assumptions that can influence the resulting fragility of the 

structure.  

A clear difference is also observed between the monopile and the jacket configurations 

related to the nacelle shutdown. For the jacket-supported turbines, the nacelle shutdown 

appears less likely compared to their monopile counterparts. In particular, the 10 and 15MW 

monopile configurations show a drastic increase in exceedance probability for PGA values 

close to zero. While this behaviour seems somewhat unrealistic, the curves are informed by 

the function reported by Jana et al. (2025), and in turn, the posterior mean curves are just 

reflecting the available literature.  

Furthermore, there is also a clear distinction between the monopile and jacket configurations 

related to the most vulnerable mechanisms. For the monopile-supported turbines, the results 

show that blade durability reduction and blade-tower collision are the most vulnerable repair 

and replacement failure modes. However, for the jacket-supported turbines, the foundation 

repairable damage is the most vulnerable repair mechanism for all configurations, while 

blade-tower collision remains the most vulnerable among replacement modes. This suggests 

the foundation plays a much more important role in the response of the jacket configurations, 

while blades largely influence the performance of the monopile-supported turbines.  

The turbine capacity and, consequently, the size of the structure also influenced the fragility 

results. As the capacity increases, the PGA value at which repair becomes highly probable 

generally decreases. For example, repair becomes highly probable at PGA values of 

approximately 0.75 g for the 5MW monopile but at only approximately 0.3 g for both the 10 

and 15MW monopiles. This behaviour is consistent with the trends reported in the literature 

by Jana et al. (2025), where larger-capacity turbines tend to have higher seismic 

vulnerability due to their increased structural mass and lower natural frequencies, which lead 

to greater inertial forces and potential dynamic amplification effects. 

A similar trend is also observed for replacement in the jacket configurations, where 

increasing turbine capacity leads to lower PGA values required to reach high probabilities of 

the replacement-related failure modes. This behaviour is also consistent with the findings of 

Nath and Haldar (2025), who reported that the 15MW jacket is more vulnerable than the 5 

and 10MW configurations. However, this behaviour is not observed for the monopile 
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configurations, since replacement mechanisms appear to become less vulnerable as turbine 

capacity increases. This conflicts with the trend reported by Jana et al. (2025). Nevertheless, 

this observation should be interpreted with caution, since the most vulnerable replacement 

mechanisms for the 10 and 15MW monopiles are proxy fragility functions. Consequently, the 

observed trends may partly reflect the assumptions adopted for the proxy curves rather than 

the true seismic vulnerability of these configurations.  

Overall, the results highlight that the framework is capable of integrating the available 

literature and accounting for the existing uncertainty. The obtained functions generally 

followed the expected behaviour and the trends reported in the literature. However, the 

results also demonstrated the large impact of the availability and variability in the data, as 

well as the assumed relationships, with several logical inconsistencies. These findings 

emphasise the need for additional and more standardised studies, especially looking into the 

missing failure modes for which proxies had to be established. This can help improve the 

reliability of future seismic fragility assessments. 

5.4 Interpretation of the Sequential Logic Assessment  

The results of the analyses carried out for the cases that do not follow the logical sequence 

highlight important considerations of the Bayesian inference model. Firstly, the negligible 

changes to the fragility curves when more sampling is done, combined with the fact that the 

convergence diagnostics were already satisfactory, indicate that the illogical behaviour is 

unlikely to be related to insufficient sampling or poor convergence.  

Additionally, even repeating the inference with only the highest quality curves did not solve 

the inconsistencies. This suggests the issue is not simply caused by the inclusion of lower-

quality studies. Interestingly, even among the highest quality curves, there were significant 

differences, highlighting that even well-established results vary.  

Furthermore, the drastic reduction in the prior population-level standard deviations (s=0.05) 

tested for the 10MW monopile towerôs case showed that such a decrease in the prior 

assumption can establish a logical order between the fragility curves by forcing the posterior 

mean curve to more closely follow the selected best curves. However, this result should not 

be interpreted as a robust correction method. Reducing s  strongly limits the influence of the 

literature data and makes the posterior highly dependent on the selected prior curve. 

Therefore, calibrating each case using the s  parameter would risk overfitting the model to 

the best curve, which reduces the benefit of using Bayesian inference to combine multiple 

data sources.  

The results suggest that the violation in the sequential order is driven by the variability and 

inconsistency within the literature itself. As discussed in the literature review, studies differ in 

their modelling assumptions, analysis approaches, and loading conditions. For example, for 

the 10MW and 15MW monopile tower cases, the curves are all from the study conducted by 

Jana et al. (2025). Nevertheless, despite the same origin, the reported curves varied in 

loading conditions, with some considering only earthquakes, while others included wind, 

waves, earthquakes, and even the effects of soil liquefaction. Similarly, the case for the 

15MW jacket nacelle fragility curves is informed by curves from the Nath and Haldar (2025) 

fragility study, which considers both far and near field records, leading to different fragility 

functions. This proves that variability in the considerations can modify the fragility 
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relationships, resulting in posterior curves that do not preserve the expected order between 

failure modes.  

The inconsistencies also highlight the limitations associated with the use of proxy fragility 

relationships. For example, the blade-tower collision fragility function for the 15MW jacket 

configuration was derived from the 10MW jacket data. However, due to data availability, the 

blade durability reduction curve was established from data specific to the 15MW jacket 

configuration. When combining the blade durability reduction and the blade-tower collision 

curves, the results are inconsistent.  This suggests the functions originating from different 

configurations are not necessarily compatible. Differences in the turbine model, dynamic 

behaviour, and the underlying assumptions of the studies can lead to fragility functions that, 

when combined through Bayesian inference, do not preserve the expected sequence. 

Therefore, while proxy relationships are necessary to overcome the lack of data, their use 

may result in inconsistencies.  

Additionally, the inconsistencies may partially originate from the engineering thresholds 

adopted to define the failure modes. Some thresholds might not present sufficient distinction 

between the failure modes. For instance, for the tower collapse of the 10MW and 15MW 

monopile configurations, a tower rotation of 2.5° is taken as a threshold. This threshold is not 

defined by a manual or code, but rather based on an assumption from Jana et al. (2025). 

Even the best curves for tower repairable damage and collapse for these configurations 

present a rather small difference, which might indicate that the assumed threshold for tower 

collapse is too vulnerable, leading to inconsistencies for the posterior curves generated by 

the inference model. In turn, the thresholds used might not be fully compatible with one 

another, which can explain certain illogical fragility relationships.  

Overall, the evidence indicates that the observed violations of sequential logic are not a 

consequence of convergence issues or inadequate quality of the input data. Rather, it 

appears to be a consequence of the heterogeneity in the literature, the use of inadequate 

proxy relationships, and challenges associated with the adopted engineering thresholds. 

These findings highlight an important limitation of the literature-based Bayesian framework: 

when the observations and failure modes are limited or inconsistent, the resulting posterior 

fragility curves may not always satisfy the expected sequential logic.  

While informative priors proved to solve the inconsistencies, this should be avoided as it may 

bias the results towards the prior assumptions and reduce the influence of the available 

evidence 

For practical applications, Bayesian derived fragility curves that violate the expected 

sequential order should not be used for vulnerability assessments. Instead, the best curve 

approach is recommended as it does satisfy the expected logic and reflects the available 

literature. The Bayesian framework is considered highly valuable for quantifying uncertainty 

and should be revisited when more consistent data and improved engineering thresholds 

and proxies are available.  

Future studies should in turn investigate methods of enforcing consistency between failure 

modes. For instance, looking into standardised engineering thresholds and modelling setups 

or developing more representative proxy relationships.  
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5.5 Interpretation of the Most Common Damage Scenario s 

Assessing the dominant damage scenarios is of highly relevant because they highlight the 

failure modes and damage states governing the seismic vulnerability of OWT. This is a key 

insight to understand the evolution of damage as PGA increases and identify components 

prone to failure which can contribute the most to expected losses.  

Comparing the results from the valid Bayesian and best curve approaches highlights that 

both generally identified similar damage scenarios with shutdown and no damage 

dominating at low intensities and repair and replacement becoming key as the PGA 

increases. Nevertheless, larger differences are observed at moderate seismic intensities. 

This can be explained by the increased probability of several damage states for moderate 

PGAs. For instance, at low intensities, the nacelle emergency shutdown exhibits a 

substantially higher probability of occurrence than the remaining failure modes so there is 

limited competition between damage states. However, as the intensity increases, repair and 

replacement-related failure modes become more probable, and in turn, there are more 

possible scenarios. At this point, since several damage mechanisms could possess similar 

exceedance probabilities, small differences in the fragility parameters can alter the ranking of 

the failure modes. In turn, due to the small differences between the best curves and the 

Bayesian posterior curves, at moderate intensities, the predictions are more prone to differ.  

This also explains why, at low intensities, the probability of the most common scenario is 

relatively high compared to those seen at moderate and high PGA values. As the PGA 

increases, so does the number of possible scenarios, which makes the occurrence 

probability of a single scenario smaller. 

Furthermore, for certain cases, the approaches predicted the same damage state but were 

triggered by a distinct component failure mode. As seen from the component fragility results, 

the Bayesian-derived curves and the best curves can differ substantially for certain failure 

modes, in turn indicating different components as the most vulnerable ones. This can 

subsequently impact the triggered failure mode and explains why, in some cases, the 

models differed. From a statistical perspective, the results obtained using Bayesian 

inference provide a more robust representation of the literature as it combines multiple 

studies and accounts for uncertainty. However, due to the observed logical inconsistencies, 

the Bayesian-derived curves cannot be used for the vulnerability assessment and in these 

cases the best curves are a more reliable alternative.  

In addition, blade durability reduction results as a common governing repair mechanism 

overall, while foundation repairable damage was also part of the most common scenario in 

several cases concerning jacket foundations. Replacement-level damage is driven by all 

three linked failure modes: blade-tower collision, tower collapse, and foundation collapse.  

While blade-tower collision was seen across all configurations, tower collapse is mostly 

linked to the larger turbines, and foundation collapse to the 5MW model. These findings 

highlight the key role of blade-related damage in the vulnerability of OWT. 

The predicted most common scenarios also show that 5MW configurations are less 

vulnerable compared to other capacities. For both the jacket and monopile-supported 

configurations, the 5MW model stayed in the no damage or shutdown states for a larger 

range of seismic intensities. As already mentioned in previous sections the larger capacity 
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turbines are more vulnerable due to their greater mass and lower natural frequencies. In 

turn, the results are in line with the expected behaviour.  

Furthermore, the results highlight the higher probability of shutdowns for monopile-supported 

turbines. The literature fragility curves related in this study to nacelle emergency shutdowns 

have very high exceedance probabilities at low PGA values. In turn, both the Bayesian 

posterior and the best curves indicate that the nacelle is highly likely to shut down for 

monopile configurations, which makes them the governing failure mode for low intensities. 

This behaviour of very high probabilities for even extremely low PGA values seems 

conservative and should be further investigated in future studies.   

In general, the findings reveal that models are able to capture the evolution of damage as 

the intensity increases and identify dominant damage scenarios which provide insights that 

support loss estimation and damage mitigation measures. As expected, the larger turbines 

tend towards a more vulnerable behaviour, which suggests the framework yields sound 

results.  Although differences exist between the best curve and Bayesian approaches, both 

identify similar damage states, with blade-related damage being key in the vulnerability of 

OWT. The discrepancies between models can be mostly attributed to the large number of 

possible scenarios at moderate PGAs, which makes small differences in fragilities lead to 

distinct predictions. While both approaches provide reliable, literature-based estimates, the 

Bayesian inference approach is seen as more robust due to its incorporation of multiple 

studies and uncertainty, while the best curve approach is considered to be the more 

practically applicable alternative.  

5.6 Interpretation of the FE Response  

The results show that the FE model with the two SSI representations exhibits an adequate 

structural response. In both cases, the top tower acceleration follows the input ground 

motion, with the highest accelerations happening at the moments of highest seismic 

intensity. Afterwards, as the earthquake acceleration reduces the top tower accelerations 

decay. Furthermore, increasing the PGA lead to larger acceleration values, indicating the 

model responds appropriately to an increase in intensity.  

One of the main differences in the results obtained with the different SSI representations is 

the permanent deformation accumulated through the analysis. While the reference model 

using the q-z springs shows permanent displacement of the tower and rotation at the 

mudline even at low PGA values, the modified model showed moderate permanent 

deformation only at for the more intense earthquake. This difference can be explained by the 

governing response mechanism of the jackets. According to Kourkoulis et al. (2017) as 

environmental loading is applied, a large overturning moment develops, and consequently, 

one set of jacket legs experiences large vertical compression loading while the other set 

sustains tension loading. In turn, the vertical response of the foundation is key for the overall 

response of the structure. With the q-z springs allowing vertical deformation to develop at the 

toe, settlement and uplift happen, leading to rotation of the foundation and subsequently 

large permanent displacements at the tower top. In contrast, employing vertically fixed pile 

tips prevents vertical movement of the foundation, which limits the overturning moment and, 

in turn, leads to much lower accumulation of permanent deformation. This is consistent with 

the intended with a stiffer bearing layer.  
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The frequency related results also highlight the differences between the SSI representations. 

The reference FE model shows that at low PGAs, the highest response occurs close to the 

first natural frequency. This indicates that the response is governed by the first mode. 

However, for the stronger earthquake, the highest response moves towards the frequency 

where the ground motion has the largest amplitudes.  So for higher intensities, where the soil 

nonlinearity and the energy transmitted by the earthquake are larger, the response reflects 

more the frequency content of the earthquake.  

On the other hand, the modified model shows that the response peaks close to the first 

natural frequency for the two analysed earthquakes. Since the vertically fixed pile tip limits 

foundation deformation, the overall stiffness of the structure increases, which makes the 

response much more governed by the structural properties and less by the ground motion. 

This is further supported by the larger difference seen between the structure and the 

earthquakeôs frequency content compared to the reference model.  

In general, the results are consistent with what is expected for the two different SSI 

representations. The reference model shows the behaviour of a more flexible foundation and 

considers the nonlinear deformation of a softer soil site, while the vertically fixed model 

provides an adequate simulation of a stiffer foundation. However, it is important to note that 

the model employing q-z springs leads to relatively high displacements and foundation 

rotations, especially for higher PGA values. While a large response is expected given the q-z 

representation, the values are considerable. Similarly, by not allowing any vertical 

deformation, the fixed pile toe can only be considered as an idealised extreme condition. In 

turn, the two SSI representations provide a range of plausible responses associated with site 

conditions. This allows for assessing the literature-based model in comparison to a range of 

conditions, which gives more confidence in the applicability of the framework.  

5.7 Interpretation of the FE Comparison  

The comparison between the FE models and the fragility/based methods indicates that the 

established framework adequately represents the evolution of damage due to earthquakes, 

considering different site conditions. The comparison using the q-z and fixed toe models 

helps to validate the literature-based framework for a more flexible and stiffer foundation 

representation.  

For the lowest PGA values tested, the models did not completely agree. The more flexible 

FE model predicted repair related damage due to a blade durability reduction. The vertically 

fixed toe model showed the first band as a transition from shutdown to repair, with the latter 

being triggered by a blade durability reduction. The best curve approach predicts shutdown, 

while the Bayesian inference model indicates no damage. Similarly, for the second band, the 

FE models mostly predicted repair, while the literature-based models remained with no 

damage and shutdown as the governing states.  

These results show that for low to moderate intensities, the predicted damage state is highly 

sensitive to the model setup and assumptions.  The FE models represent a specific 10 MW 

jacket OWT, with a particular geometry, loading, and two different foundation 

representations. The best curve is based on a different model and conditions, while the 

Bayesian Inference is an aggregation of behaviours reported by different studies. In turn, 

each approach predicts a slightly different response.  
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 At lower PGA levels, the response lies close to the boundaries between damage states. For 

example, the threshold for nacelle emergency shutdown was assumed as a top tower 

displacement of 0.5%H, while blade durability reduction, which leads to repair, is triggered at 

1.25%H. Since these thresholds are relatively close, small differences in the predicted 

structural response are sufficient to change the governing damage state from shutdown to 

repair. This explains why, for the first two PGA bands, the different approaches predict such 

a large range of states from no damage to repair. 

The agreement between the models improves as the PGA value increases. This might be 

because the transition between repair and replacement requires a larger response 

compared to the transition between no damage, shutdown, and repair. In turn, it is more 

likely that the different models predict the same state. Nevertheless, the exact PGA at which 

the transition from repair to replacement varies between the models, since due to their 

modelling assumptions, they still predict slightly different structural responses.  

Despite the differences in the point at which models predict the transition between states, 

they mostly indicate the same governing failure mechanism. The q-z model, the vertically 

fixed pile toe model, and the Bayesian framework all identify bladeïtower collision as the 

mechanism driving the transition to replacement, while the best curve approach also 

identifies bladeïtower collision as one of the most probable replacement mechanisms. 

Similarly, the FE models predict blade durability reduction as the driver for the repair state, 

which the best curve approach also indicated as one of the most probable repair 

mechanisms.  

At the higher intensities, the agreement is even stronger. The fragility frameworks assign the 

highest replacement probabilities to blade-tower collision and foundation collapse scenarios. 

While the convergence failure observed for the more flexible FE model when testing the 

0.977 g introduces uncertainty regarding the exact collapse mechanism at very high seismic 

intensities, the large top tower displacements and yielding of jacket leg elements suggest 

that blade-tower collision and foundation collapse are the most likely drivers of damage. 

Furthermore, with the stiffer model predicting blade-tower collision, all approaches identify 

foundation- or blade-related mechanisms as the principal drivers for replacement.  

 The improved agreement is also likely due to the damage state framework itself. Once the 

repair thresholds are exceeded, replacement becomes the only option, so all models tend to 

this damage state for high PGA values.  

It is important to recognise that the FE model assumes foundation collapse when the jacket 

presents yielding. However, the fragility models used a proxy fragility curve based on data 

for the collapse of an oil platform jacket. The results show that despite the use of a proxy, 

the foundation collapse fragility is in good agreement with the FE model using q-z springs. 

Both the fragility-based models and this FE representation identify foundation collapse as a 

primary replacement mechanism for the higher PGA band. While this does not validate the 

proxies, it does indicate they effectively describe the general process of damage.  

Overall, the comparison shows that the literature-based frameworks provide a reasonable 

representation of the seismic damage evolution. Although the predicted damage state at low 

PGA values is sensitive to the modelling assumptions, the framework can capture how 

damage progressed and present results which are comparable to those obtained with the FE 

models. Furthermore, triggering failure modes identified by the different models usually 

agreed, which gives confidence to the literature-based prediction. In turn, the proposed 
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framework appears to be adequate to estimate the governing damage state of an OWT 

exposed to a seismic event. However, it should be noted that it is not a tool to predict the 

exact response of a specific turbine at a specific site.   

5.8 Interpretation of Vulnerability Results  

The results suggest that the different OWT configurations exhibit distinct vulnerability 

functions despite converging towards similar maximum expected loss ratios. The observed 

variations show that the underlying fragilities and transitioning between severe damage 

states appear to highly impact the shape of the resultant curves. For the monopile-supported 

turbines, the 5MW and 10MW turbines exhibit similar vulnerability, while the 15MW monopile 

appears to be less vulnerable. This contrasts with the fragility trends reported by Jana et al. 

(2025), who observed increasing vulnerability as the turbine size increased. This might be 

attributed to the use of proxy fragility functions for the replacement mechanisms, such as 

foundation collapse and blade tower-collision for the 10 and 15 MW monopile configurations. 

In contrast, the jacket configurations follow the expected trend with higher capacity turbines 

presenting higher losses. Not all configurations follow the same asymptotic behaviour since 

the replacement-level damage is not reached with the same probability. For instance, while 

the 10 and 15MW jacket models do converge to 0.6, the 5MW turbine follows a more linear 

behaviour because large damage is less probable since it is more resilient due to its lower 

mass and higher natural frequency.  These observations highlight the importance of 

component fragility assumptions and the structural configuration on the vulnerability results.  

While the vulnerability results obtained by using Bayesian inference fragility curves and the 

best curves show only small variations, it does demonstrate that the selection of component 

fragility functions influences the predicted losses. The differences are expected since the 

best curve is based on a single study, while the Bayesian inference aggregates information 

from multiple sources. This led to small variations in fragility, which in turn affect the 

probabilities and transitions between damage states, consequently affecting the vulnerability 

curve. 

The uncertainty bands are influenced by both the uncertainty in the governing damage state 

and the adopted loss ratio ranges. At moderately low PGA values, most simulations result in 

no damage, shutdown or repair, for which the loss ratio range is null or relatively small. In 

turn, this leads to narrower confidence intervals. At intermediate PGA values, there is 

uncertainty about whether the structure needs repair or replacement. Due to the large loss 

ratio range associated with replacement, the interval tends to increase.  Finally, at high PGA 

values, both models increasingly predict replacement-level damage. Although the ambiguity 

in the governing damage state decreases, the intervals remain wide because the 

replacement loss ratios are sampled from a broad range.   

Furthermore, for low to moderate PGA values, the credible intervals obtained from the 

Bayesian inference-informed curves are generally wider than those from the best curves. 

This may be due to the epistemic uncertainty from the fragility parameters being propagated 

through the Bayesian inference model. The additional uncertainty in the component fragilities 

increases the ambiguity regarding whether repair or replacement damage states are 

exceeded, leading to a wider range of possible losses. For higher PGA values, the best 
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curve and Bayesian inference frameworks tend to predict replacement-level damage, and 

then the uncertainty in the loss ratios is mostly governed by the broad range.  

The confidence intervals also show several jumps rather than a smooth increase. This 

behaviour is due to the vulnerability frameworkôs reliance on the damage states. Losses 

remain relatively stable while the simulations are governed by a particular damage state and 

then increase abruptly when another damage state becomes probable.   

It is also important to highlight that the curves reach a maximum mean expected loss ratio of 

0.6. This is a direct consequence of the assumed loss ratio range for the replacement 

damage state, which extended from 0.3 to 0.9. As the PGA increases, the probability of 

replacement becomes larger. Consequently, the mean vulnerability tends towards the mean 

of the loss ratio range (0.6), while the upper and lower limits of the confidence bounds 

approach the end of the range. The values of the expected loss ratios should therefore be 

interpreted with caution, as they are directly influenced by the preliminary loss assumptions 

adopted in this study. 

Overall, the findings emphasise the fact that the seismic vulnerability of OWTs is impacted 

by the component employed fragility relationships, which directly impact the uncertainty in 

the governing damage state. The Bayesian framework adequately propagates the epistemic 

uncertainty related to the fragility parameters. Nevertheless, it is clear that vulnerability 

resultsô uncertainty is directly influenced by the adopted loss ratios. Consequently, due to the 

preliminary nature of the loss ratio ranges, the results should be seen as an initial depiction 

of the vulnerability trends and the frameworkôs ability to propagate uncertainty. 

5.9 Limitations  

Despite the strong results obtained in this study, several limitations remain that should be 

considered. Firstly, the developed Bayesian inference model cannot yet be considered ready 

for direct practical implementation. While the sensitivity analysis and convergence 

diagnostics prove the inference procedure is strong, several posterior fragility functions failed 

to preserve the expected sequential logic. According to the performed analyses, this fact 

may be due to the heterogeneity within the literature, the use of proxy fragility relationships, 

and potential incompatibilities in the adopted engineering thresholds. Due to the 

inconsistencies with the sequential logic, currently, the Bayesian inference framework should 

not be regarded as a predictive model for decision-making.  Consequently, the best-curve 

approach is currently recommended for practical applications, as it maintains the expected 

failure mode sequential logic and yields sound literature-based vulnerability predictions. 

However, it is also important to highlight that the reliance on only one representative curve 

may be seen as a limitation, since it is only one of the scenarios presented in the literature, 

so the vulnerability assessment may be biased towards the behaviour reported in that 

specific case. Additionally, by only considering the best curve, the epistemic uncertainty 

associated with the fragility functions is not considered.  

Furthermore, the fragility database presents important limitations. The literature currently 

does not provide a consistent representation for various turbine capacities, foundation types, 

operational conditions, and components. The data is biased towards the NREL 5MW 

monopile configuration, while the larger capacity turbines and distinct foundations are less 

represented. The lack of data, especially regarding foundation collapse and blade-tower 
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collision, led to the need for proxy fragility functions. Consequently, depending on the 

configuration and failure mode, certain results are more uncertain.  

In addition, the literature data presents certain interdependence with studies using the same 

ground motion datasets, structural setup, and analysis assumptions.  The sensitivity analysis 

indicated that large between-study variability was an important factor with regard to 

uncertainty and the sequential logic inconsistencies. In turn, a certain degree of similarity 

between data is desirable. Nevertheless, high dependence may lead to bias towards certain 

configurations, assumptions, and information, which might lead the posterior fragility curves 

to overrepresent certain scenarios. Therefore, one main challenge is to find a balance 

between sufficient consistency to produce adequate results and enough diversity to not 

overly tend towards one specific scenario.  

Additionally, the established engineering thresholds were in some cases based on 

assumptions, proxy relations, or values derived from the studies conducted for other types of 

turbines with different loadings, which leads to additional uncertainty as the thresholds might 

not completely represent their respective failure mechanism for all configurations. As a 

result, the component fragility functions are sensitive to the available data, as well as the 

engineering assumptions made to define the failure modes. 

Another limitation in the presented results concerns the FE model, which was kept 

moderately simple to ensure computational efficiency. The model uses a 2D framework with 

simplified loading, soil-structure interaction, and only one seismic record. Despite two SSI 

representations being used, the frameworks with q-z springs and the idealised fixed pile tip 

represent extreme responses. Consequently, the FE simulations should be understood as a 

range of plausible responses and not the behaviour of a specific OWT. In turn, the FE 

simulations give an estimate of the anticipated structural behaviour, and comparison 

between the FE models and the literature-based models should only be seen as an 

assessment of whether they lead to a similar damage trend.  

The comparison between the FE models and the literature-based frameworks highlights that 

the FE models represent a specific turbine under particular conditions, while the best-curve 

and Bayesian frameworks represent general behaviours based on one or multiple literature 

studies. Despite the results showing that the fragility-based models capture the overall 

evolution of damage, it was evident that they do not predict the exact response of the 

structure and the specific PGA at which damage state transitions occur. This appears to be 

dependent on the structural and soil considerations. In turn, the literature-based approaches 

are limited to assessing the general expected vulnerability and not the exact response.   

Finally, the vulnerability framework also presents a limitation with the adopted loss ratio 

ranges, particularly for the replacement damage state. Since the ratios are defined at the 

damage state level, the vulnerability curve tends towards the mean of the range and towards 

the maximum loss ratio. In addition, this approach does not consider the recoverability of the 

non-damaged component, for instance, in the case of blade-tower collision, the foundation 

could probably still be reused. Consequently, the adopted loss ratios should be interpreted 

as preliminary.  

Overall, this thesis presents an initial framework for the probabilistic seismic vulnerability of 

OWT, which gives insights into the general damage, loss, and the associated uncertainty. 

Nevertheless, refinement is needed before the framework can be considered suitable for 

practical applications.   
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6 Conclusions and Recommendations  

6.1 Addressing the Research Question  and Objectives  

Main Question: To what extent can existing seismic fragility studies be integrated to 

estimate earthquake -induced damage and losses of fixed offshore wind turbines?  

This thesis shows that previously conducted fragility studies may be used to assess 

earthquake-induced damage and losses of fixed OWT through a literature-based framework. 

The best curve and Bayesian inference approaches, combined with the presented Monte 

Carlo framework, showed that it was possible to predict the most common damage 

scenarios and expected loss ratios for several turbine-foundation configurations.  

The results suggest that the proposed models effectively describe the overall trends in 

seismic vulnerability and are consistent with observations seen in the consulted literature. 

Furthermore, the comparison with FE models using a more flexible and stiffer SSI 

representation showed that the framework adequately captures the damage progression. 

Nevertheless, the accuracy of the predictions highly depends on the availability, variability, 

and completeness of the fragility data. The developed inconsistencies in the sequential logic 

for the component fragility curves are produced with the Bayesian inference approach, 

making this model currently unsuitable for use in practical applications. While the best curve 

approach does not suffer from said inconsistencies, it still relies on proxies and thresholds 

that could be improved. In turn, the current the existing seismic fragility studies can be 

integrated to provide reasonable estimates of the general vulnerability and expected losses, 

but they need further development for more precise applications.  

 

Objective  1: Compile and evaluate the available seismic fragility information for fixed 

offshore wind turbine components and configurations.   

The conducted literature review shows that seismic fragility data are available for various 

OWT components, such as the nacelle, tower, foundations, and blades. However, the 

information is not uniformly distributed across models, with many studies addressing the 

fragility of the monopile-supported NREL 5MW turbine. Few studies look into larger capacity 

turbines and different foundations like jackets and suction buckets. Furthermore, important 

failure modes, such as foundation collapse and blade-tower collision, lack information for 

several of the turbine-foundation configurations. Consequently, the available studies provide 

a useful but incomplete representation of the seismic fragility of fixed OWT. 

  

Objective  2: Develop representative component -level fragility functions by integrating 

the available literature while accounting for uncertainty.  

The results show that fragility curves can be integrated by using a best curve or a Bayesian 

inference approach. The Bayesian model adequately aggregates information from several 

studies while also providing a measure of the epistemic uncertainty. The sensitivity analysis 

and convergence diagnostics indicate that this framework is robust to prior assumptions and 

adequately propagates uncertainty associated with the input data. However, the results also 
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show that variability in the studies, proxy functions, and incompatible engineering thresholds 

can lead to inconsistencies in the posterior failure mode sequential logic.  

While the best curve model uses the same thresholds and proxy functions, the component 

fragility curves do not have issues with the sequential logic. Nevertheless, it only includes 

the results of one study per component fragility curve and, in turn, does not quantify the 

epistemic uncertainty associated with the fragility functions and reflects only one of the many 

scenarios reported in the literature. Overall, both approaches can integrate existing seismic 

fragility functions, but neither can yield an uncertainty quantification and maintain the 

expected sequential logic simultaneously.  

 

Objective  3:  Develop a framework that converts component -level fragility functions 

into turbine -level damage states and loss estimates . 

The developed Monte Carlo framework demonstrated that component-level fragility functions 

can be used to determine the OWTôs damage state and triggering failure mode, and the 

estimated loss ratio. The approach uses the exceedance probabilities from the component 

damage states and, through a developed network, links the failure modes to damage states. 

Through many simulations this approach determines the governing damage state, failure 

mechanisms, and the expected loss ratio. Furthermore, when the Bayesian inference 

posterior fragility curves are used the uncertainty is propagated from the component fragility 

to the losses. On the other hand, if the best curve model is used, the uncertainty is only 

propagated through the damage state simulation at the loss ratio estimation. The results 

highlight that both the fragility functions and adopted loss ratio ranges have a strong 

influence on the vulnerability curves and their uncertainty.  

 

Objective  4: Evaluate the applicability of the developed framework by comparing the 

predictions with simulation results from a finite element model based on a 

representative offshore wind turbine configuration  

The comparison between the literature-based framework and the FE simulations indicates 

that the predicted damage adequately represents the general expected damage of a fixed 

OWT, rather than the exact structural behaviour. Both literature-based approaches showed a 

consistent progression from shutdown until replacement as the seismic intensity increased. 

However, they still present discrepancies in the PGA at which damage state transitions 

occur, especially for low to moderate seismic intensities, where damage states were more 

sensitive to the adopted structural, soil, and modelling assumptions. Additionally, the 

dominant failure mechanisms are generally consistent with those presented by the FE 

models. Therefore, the literature-based framework is suitable for assessing the expected 

vulnerability and dominant damage mechanisms of OWT considering a range of plausible 

foundation conditions, but it should not be interpreted as a tool to predict the exact response 

of a particular turbine at a specific site. 
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6.2 Main Contributions and Practical Implications  

This thesis provides valuable insight into the seismic vulnerability of OWTs by compiling and 

reviewing the available studies. Based on the analysis of the literature, several key trends, 

dependencies, and gaps were identified. Specifically, this study was able to highlight the 

reliance on the NREL 5MW monopile configuration and the lack of data for larger-capacity 

turbines, certain foundations, and failure modes. This emphasises the areas where future 

studies should focus in order to improve the seismic vulnerability assessments.  

In addition, this project shows how fragility curves can be integrated based on the best curve 

and Bayesian inference approaches. From the performed analyses, it is seen that the 

Bayesian model is able to combine the data from several studies while also accounting for 

epistemic uncertainty. The best curve approach maintains the expected sequential logic of 

the failure modes and provides sound vulnerability estimates. In turn, from the practical 

perspective, the best curve model provides the most suitable approach for literature-based 

vulnerability assessments, while the Bayesian inference framework can be seen as a 

preliminary tool used to understand and quantify uncertainty until the sequential logic 

inconsistencies are resolved.  

Furthermore, a Monte Carlo approach was also proposed in order to use the component 

fragility functions to determine the damage state and expected loss of OWTs. The 

framework can be used to evaluate seismically induced damage and the associated 

expected loss ratio, which can help the insurance sector better understand the operational 

and financial consequences of earthquakes on OWTs.  Additionally, the developed code is 

made available, which allows other researchers to apply the framework to alternative 

datasets and future fragility data.  

Finally, the comparison between the FE and literature-based models showed that the latter 

can predict the general progress of damage as PGA level increases, as well as identify the 

governing failure mechanisms. Nevertheless, the fragility-based methods are better suited 

for a general vulnerability assessment, while not adequate for a detailed prediction of the 

behaviour of a specific turbine in a specific site.  

Overall, the thesis provides an initial literature-based probabilistic OWT seismic vulnerability 

assessment tool.  The framework is capable of estimating the general evolution of damage, 

expected loss ratios, and capture associated uncertainties. Nevertheless, limitations persist, 

and further research is needed to make the framework complete and practically applicable.  

6.3 Recommendations for Future Research  

Based on the results, certain areas for further research have been identified concerning the 

information on OWT seismic fragility and the improvement of the presented framework. 

6.3.1  Future Fragility Studies  

It is recommended that future studies research underrepresented configurations and failure 

mechanisms, for instance, large capacity OWTs, foundations such as jackets and suction 

buckets, and failure modes like foundation collapse. Furthermore, future studies should 

address floating OWT, for which there is also limited seismic fragility information available.  
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In addition, to more fully assess the vulnerability of OWT, future studies should study the 

fragility of smaller subcomponents within the system, such as cables and connections.  This 

would reduce the need for proxy fragility functions, improve the reliability of future literature-

based assessments, and help include systems that are currently not able to be evaluated.  

Some of the adopted engineering thresholds were selected due to the lack of other options 

to represent a limit for a specific failure mode. However, they did not always provide 

relations which were compatible between failure modes, which partially explained the 

inconsistencies seen with the posterior fragility functions. In turn, future research should 

develop thresholds that can better portray the failure mechanisms, and which are validated 

by expert judgment, numerical modelling or experiments. 

Moreover, in the most common scenario analysis, it was pointed out that the nacelle 

shutdown fragilities had a strong influence on the predicted failure mode at low intensities for 

monopile-supported turbines. Since the literature fragility curves showed extremely high 

probabilities at low values of PGA, this behaviour is in line with the data. However, it is worth 

studying if the threshold and data used for the monopile configurationsô nacelle shutdown 

are representative of the actual behaviour. 

Finally, it is important to highlight that future work should aim for sufficient consistency to 

allow adequate integration, while remaining diverse to avoid bias towards specific 

assumptions and scenarios. 

6.3.2 Framework development  

The results showed the large impact of input data variability in the Bayesian inference 

model. In turn, it is recommended for future work to look into the application of more strict 

relevance filtering when selecting the data for a specific case. For instance, a relevance 

filtering into the type of loading being applied or the soil characteristics being used could not 

only reduce heterogeneity but also give the user a more precise result concerning the 

situation they are interested in.  

The main recommendation regarding the vulnerability framework is the development of 

failure mode-level loss ratios.  This should be established with industry experts and could 

account for aspects such as the recoverability of components which have not been 

damaged. Additionally, it would be beneficial to include additional costs, such as 

transportation costs, when developing these ratios.  

Furthermore, for an accurate validation of the literature-based results, it would be beneficial 

to develop a more detailed and realistic FE model. This could include a 3D formulation, more 

realistic loading, and a better representation of the soil medium.  

Additionally, considering the outlook of the insurance sector lies more at the wind farm level, 

the framework should be extended to assess beyond the OWTs and towards the entire 

OWF. For instance, it would be important to study the consequences of the failure of several 

turbines and the inclusion of other systems, such as substations and cables.  

Moreover, the current network mapping failure modes to damage states can be improved by 

extending it into a Bayesian network. This framework could represent the conditional 

dependencies between component failure and the overall damage states through conditional 

probabilities, which can help to better represent the interactions between components, the 
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damage progression, and capture the uncertainties in the predicted damage. The flexibility of 

Bayesian networks can further help the model by allowing it to easily update beliefs as new 

evidence becomes available.  

Finally, once the effects of ground shaking are better understood and the losses more 

adequately quantified, the framework should evolve to assess seismic-related hazards such 

as tsunamis. 
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A. Convergence Diagnostics Results  

Table A.1: Convergence Diagnostics Numerical Results 

  Inference of Log Theta Inference of Log Beta   
  ess bulk ess tail R hat ess bulk ess tail R hat Divergences 
5MW Monopile          
Nacelle Emergency Shutdown 11463 7504 1 10586 7531 1 0 
Generator Failure  N/A N/A N/A N/A N/A N/A N/A 
Inverter Failure N/A N/A N/A N/A N/A N/A N/A 
Electrical System Failure N/A N/A N/A N/A N/A N/A N/A 
Tower Repairable Damage 10253 6887 1 10285 6936 1 0 
Tower Collapse 9157 7660 1 9393 6071 1 0 
Foundation Repairable Damage 4031 3063 1 2897 2349 1 0 
Foundation Collapse 6896 5071 1 4221 3151 1 11 
Blade Durability Reduction 10212 7387 1 10227 6344 1 0 
Blade-Tower Collision 6123 4410 1 6057 4218 1 0 
5MW Jacket          
Nacelle Emergency Shutdown 2741 3887 1 4727 3985 1 0 
Generator Failure  4581 3669 1 3766 3610 1 0 
Inverter Failure 4966 4969 1 3208 2201 1 1 
Electrical System Failure 3759 3305 1 3701 3518 1 0 
Tower Repairable Damage 3616 3881 1 3204 2695 1 1 
Tower Collapse 4304 3184 1 3787 3466 1 1 
Foundation Repairable Damage 4347 3968 1 4236 3825 1 0 
Foundation Collapse N/A N/A N/A N/A N/A N/A N/A 
Blade Durability Reduction 7414 5321 1 6611 4649 1 0 
Blade-Tower Collision N/A N/A N/A N/A N/A N/A N/A 
10MW Monopile          
Nacelle Emergency Shutdown 8692 7148 1 10225 6600 1 0 
Generator Failure  1943 1051 1 4060 4429 1 1 
Inverter Failure 4125 3659 1 2738 4134 1 0 
Electrical System Failure 3715 3427 1 3228 3825 1 1 
Tower Repairable Damage 9970 6036 1 6599 4876 1 0 
Tower Collapse 11273 7045 1 8743 6004 1 0 
Foundation Repairable Damage 8304 5647 1 6390 4429 1 0 
Foundation Collapse N/A N/A N/A N/A N/A N/A N/A 
Blade Durability Reduction 11818 7568 1 9753 6103 1 0 
Blade-Tower Collision N/A N/A N/A N/A N/A N/A N/A 
10MW Jacket          
Nacelle Emergency Shutdown 4382 4857 1 2634 651 1 0 
Generator Failure (target 
acceptance = 0.9) 1943 1051 1 4060 4429 1 1 
Generator Failure (target 
acceptance = 0.95) 2177 2923 1.03 79 966 1.04 0 
Inverter Failure 4125 3659 1 2738 4134 1 0 
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Electrical System Failure 3715 3427 1 3228 3825 1 1 
Tower Repairable Damage 4489 4218 1.01 931 3435 1.01 0 
Tower Collapse (target 
acceptance = 0.9) 5385 3994 1 4018 2907 1 8 
Tower Collapse (target 
acceptance = 0.95) 3792 3031 1 3173 3193 1 0 
Foundation Repairable Damage 2172 1359 1 1896 503 1 2 
Foundation Collapse N/A N/A N/A N/A N/A N/A N/A 
Blade Durability Reduction 9277 6012 1 8825 5908 1 0 
Blade-Tower Collision 7653 5142 1 6659 4656 1 0 
15MW Monopile          
Nacelle Emergency Shutdown 10499 6363 1 6881 4898 1 0 
Generator Failure  3519 4108 1 4465 4114 1 0 
Inverter Failure 3925 4286 1 3898 4163 1 0 
Electrical System Failure 3164 3641 1.01 1484 578 1 4 
Tower Repairable Damage 9031 5449 1 7930 5407 1 0 
Tower Collapse 10792 6339 1 9311 6117 1 0 
Foundation Repairable Damage 8288 6579 1 5866 4298 1 0 
Foundation Collapse N/A N/A N/A N/A N/A N/A N/A 
Blade Durability Reduction 10658 7298 1 9992 6650 1 0 
Blade-Tower Collision N/A N/A N/A N/A N/A N/A N/A 
15MW Jacket          
Nacelle Emergency Shutdown 2684 4033 1 3880 2686 1 0 
Generator Failure  3519 4108 1 4465 4114 1 0 
Inverter Failure 3925 4286 1 3898 4163 1 0 
Electrical System Failure 3164 3641 1.01 1484 578 1 4 
Tower Repairable Damage 4449 3109 1 2740 2043 1 3 
Tower Collapse 3621 4169 1 4015 3462 1 1 
Foundation Repairable Damage 4421 4512 1 3344 1719 1 0 
Foundation Collapse N/A N/A N/A N/A N/A N/A N/A 
Blade Durability Reduction 2468 2058 1 3760 3584 1 4 
Blade-Tower Collision N/A N/A N/A N/A N/A N/A N/A 
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B. Sensitivity Analysis  

Table B.1: Bayesian Model Sensitivity Analysis Numerical Results 

Case setting Population 
Standard 
Deviation 
Prior 

Heterogeneity 
Parameter 
Standard 
Deviation 

Bayesian 
Inf. 
Theta 

Bayesian 
Inf. Beta 

Best 
Curve 
Theta 

Best 
Curve 
Beta 

Observations 
Avg. Theta 

Higher 
variability 
- 10 
curves 

Baseline 0.5 0.5 0.965 0.448 0.999 0.661 1.067 

Higher 
variability 
- 10 
curves 

s=0.95 0.95 0.5 0.961 0.429 0.999 0.661 1.067 

Higher 
variability 
- 10 
curves 

s=0.05 0.05 0.5 0.997 0.649 0.999 0.661 1.067 

Higher 
variability 
- 10 
curves 

tau=0.95 0.5 0.95 0.964 0.462 0.999 0.661 1.067 

Higher 
variability 
- 10 
curves 

tau=0.05 0.5 0.05 1.193 0.279 0.999 0.661 1.067 

Higher 
variability 
- 4 curves 

Baseline 0.5 0.5 0.679 0.481 0.999 0.661 0.63 

Higher 
variability 
- 4 curves 

s=0.95 0.95 0.5 0.622 0.45 0.999 0.661 0.63 

Higher 
variability 
- 4 curves 

s=0.05 0.05 0.5 0.986 0.655 0.999 0.661 0.63 

Higher 
variability 
- 4 curves 

tau=0.95 0.5 0.95 0.703 0.537 0.999 0.661 0.63 

Higher 
variability 
- 4 curves 

tau=0.05 0.5 0.05 0.648 0.328 0.999 0.661 0.63 

Low 
variability 
- 9 curves 

Baseline 0.5 0.5 1.864 0.816 1.3 0.757 1.929 

Low 
variability 
- 9 curves 

s=0.95 0.95 0.5 1.877 0.817 1.3 0.757 1.929 
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Low 
variability 
- 9 curves 

s=0.05 0.05 0.5 1.36 0.798 1.3 0.757 1.929 

Low 
variability 
- 9 curves 

tau=0.95 0.5 0.95 1.863 0.817 1.3 0.757 1.929 

Low 
variability 
- 9 curves 

tau=0.05 0.5 0.05 1.866 0.815 1.3 0.757 1.929 

Low 
variability 
- 4 curves 

Baseline 0.5 0.5 1.528 0.832 1.3 0.757 1.537 

Low 
variability 
- 4 curves 

s=0.95 0.95 0.5 1.533 0.835 1.3 0.757 1.537 

Low 
variability 
- 4 curves 

s=0.05 0.05 0.5 1.374 0.784 1.3 0.757 1.537 

Low 
variability 
- 4 curves 

tau=0.95 0.5 0.95 1.514 0.836 1.3 0.757 1.537 

Low 
variability 
- 4 curves 

tau=0.05 0.5 0.05 1.543 0.83 1.3 0.757 1.537 
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C. Fragility Curves  

 

(a) 

 

(b) 

 
(c) 

 

(d) 

Figure C.1: Best Curves for 5MW monopile nacelle (a), tower (b), foundation (c), and blades (d) 

 

(a) 

 

(b) 
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(c) 
 

(d) 

Figure C.2: Bayesian derived curves for 5MW monopile nacelle (a), tower (b), foundation (c), and 
blades (d) 

 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure C.3: Best Curves for 10MW monopile nacelle (a), tower (b), foundation (c), and blades (d) 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure C.4: Bayesian derived curves for 10MW monopile nacelle (a), tower (b), foundation (c), and 
blades (d) 

 

(a) 

 

(b) 
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(c) 

 

(d) 

Figure C.5: Best Curves for 15MW monopile nacelle (a), tower (b), foundation (c), and blades (d) 

 

(a) 
 

(b) 

 

(c) 
 

(d) 

Figure C.6: Bayesian derived curves for 15MW monopile nacelle (a), tower (b), foundation (c), and 
blades (d) 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure C.7: Best Curves for 5MW jacket nacelle (a), tower (b), foundation (c), and blades (d) 

 

(a) 

 

(b) 












































